30th

International
Maritime
Lecturers
Association
Conference

Split
Croatia

www.imla30.org

Fraunhofer Center for Maritime
Logistics and Services, Sea
Traffic & Nautical Solutions,
BlohmstralSe 32 21079
Hamburg, Germany

* Corresponding author:
arbresh.ujkani@cmlfraunhofer.
de

https://doi.org/10.7225/imla30.07

Duternational Maritime
Lecturerns ssaciation

P

FACULTY OF
MARITIME
STUDIES

AUTOMATED ASSESSMENT OF
MARITIME SIMULATOR TRAINING:
A DATA-DRIVEN APPROACH USING
LARGE LANGUAGE MODELS

Arbresh Ujkani’, Paul Koch

Abstract. This paper presents the technical development and implementation of an
automated assessment system within the i-Master EU project for maritime simulator
training. Automating performance evaluation in maritime training presents challenges
due to the diverse nature of training tasks and the need for flexible assessment methods.
To address this, the paper outlines architecture designed to support a wide range of
basic tasks by enabling flexible task definition and automatic assignment of relevant
metrics and evaluation criteria. This adaptability ensures that assessments remain
consistent while allowing customization to fit different training scenarios, instructor
styles and student needs.

The system performs evaluation by collecting structured, self-describing metrics that
represent individual skills during an exercise. These metrics are aggregated at the end of
a training session and assessed against predefined evaluation criteria before being
processed by a lLarge Language Model (LLM). The LLM generates tailored, natural
language feedback that mirrors instructor-style debriefings, providing personalized
insights into student performance. All recorded metrics, assessment criteria, and
generated evaluations are stored in a database with version control, ensuring
retrospective re-evaluation as assessment models improve. By providing the history of
assessments the system allows for iterative refinement of both evaluation parameters
and LLM prompting strategies, ensuring adaptability to evolving maritime training
requirements.

The technical implementation provides a foundation for future validation studies with
students and instructors at maritime universities. This work presents a novel technical
approach to automated maritime assessment, demonstrating the feasibility of LLM
integration in maritime training systems.
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1. INTRODUCTION

1.1. Background and Motivation

Maritime education faces a fundamental scalability
challenge in simulator-based training assessment.
Traditional instructor-led evaluation creates opera-
tional bottlenecks as training demand increases
while qualified instructor availability remains limit-
ed. Simultaneously, the subjective nature of human
assessment introduces variability that conflicts with
International Maritime Organization (IMO) Stand-
ards of Training, Certification and Watchkeeping
(STCW) (International Maritime Organization, 2025)
requirements for consistent competency evalua-
tion.

Current maritime simulators generate extensive per-
formance data but lack the analytical capabilities to
transform this data into pedagogically valuable feed-
back. Students receive raw metrics without the
interpretive guidance that instructors typically pro-
vide, limiting opportunities for self-directed learning
and continuous improvement.

1.2. Problem Statement

The maritime training sector faces several critical
challenges:

(1) the limited availability of personalized and
adaptive training systems,

(2) inconsistent assessment quality due to subjective
instructor evaluation,

(3) inability to provide immediate, detailed feedback
to students, and

(4) lack of systematic performance tracking across
multiple training sessions.

These challenges are particularly evident in the con-
text of STCW requirements, which demand consistent
and comprehensive competency assessment.

1.3. Research Objectives

We address these challenges by presenting an
Intelligent Learning System (ILS) framework that:

(1) automates collection and analysis of maritime
simulator data

(2) provides real-time performance assessment using
STCW competency frameworks

(3) generates natural language feedback using Large
Language Models

(4) enables systematic performance tracking across
training sessions
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2. TECHNICAL CONTRIBUTION

This work presents the first integration of Large Lan-
guage Models with maritime simulator assessment
systems, demonstrating the technical feasibility of
automated feedback generation in safety-critical
training environments.

Primary contributions include:

Automated Assesment Architecture: A modu-
lar, portable platform that integrates with existing
maritime simulators through standardized proto-
cols (IEEE 1278 DIS, NMEA AlS), enabling
institutions to enhance assessment capabilities
without infrastructure replacement.

LLM-Based Feedback Generation: Natural
language feedback that transforms quantitative
simulator metrics into instructor-style debriefings,
maintaining technical accuracy while providing
personalized learning guidance.

STCW Aligned Metrics Frameworks: Real-time
evaluation against maritime competency stand-
ards, creating objective performance measure-
ment that complements traditional instructor
assessment.

2.1. Scope and Limitations

The current implementation focuses on fundamental
navigation competencies in controlled simulator
environments. Complex decision-making scenarios
requiring maritime law interpretation or emergency
coordination that fall outside the immediate scope.
This work establishes the technical foundation for
future validation studies planned within the i-Master
EU project.

3. RELATED WORK

3.1. Maritime Training Assessment Landscape

Current maritime training assessment relies on manual
instructor observation during simulator exercises, in-
volving live observation, video review, and structured
debriefing sessions. Instructors take handwritten notes
during multi-student sessions, then provide oral feed-
back covering competency areas such as collision
regulation compliance, navigation techniques, and
team coordination. While this approach allows flexible
response to unexpected situations, research has iden-
tified reliability issues with conventional instructor
evaluation. Researchers found that traditional instruc-
tor assessment of pilotage operations showed
unacceptably low reliability for technical competen-
cies, while computer-assisted assessment demonstra-
ted improved reliability Jgrgen Ernstsen, 2020).

www.imla30.org



A. Ujkani, P. Koch: Automated Assessment of Maritime Simulator Training: A Data-Driven Approach Using Large Language...

Existing commercial maritime simulator systems
provide basic performance logging such as speed-
over-ground graphs and positional tracking but lack
contextual analysis connecting metrics to specific
STCW competency areas. Students receive raw data
without interpretive feedback that contextualizes
performance within collision regulations and opera-
tional procedures. The STCW framework requires
comprehensive competency evaluation, but the
manual nature of instructor assessment creates oper-
ational bottlenecks: limited instructor availability for
independent practice sessions, assessment inconsist-
encies across evaluators, and inability to provide
immediate detailed feedback. Maritime training insti-
tutions lack systematic performance tracking
databases for long-term learning progress monitoring.
No commercial systems currently integrate automated
feedback generation for consistent, STCW-aligned as-
sessment during independent practice sessions,
representing the gap this work addresses.

3.2. Al Integration in Maritime Education

Recent advances in automated assessment systems
have demonstrated significant potential for maritime
training applications. These systems leverage objec-
tive performance data logged during simulation
exercises, including positional data, steering com-
mands, and rule violations, to calculate metrics based
on pre-modeled criteria with the goal of providing
reproducible, consistent feedback without human in-
terpretation bias.

(@vergard, Nazir, & Solberg, 2017) presented a proto-
type system that calculated performance indices
from defined navigational requirements, achieving
strong correlation with expert evaluations. The au-
thors viewed this as a promising step toward
‘consistent, unbiased” assessment tools. Similarly,
(Jargen Ernstsen, 2020) developed a Computer-Aided
Performance Assessment (CAPA) system combining
hierarchical performance indicators using Analytical
Hierarchy Process (AHP) with Bayesian Networks.
Their experimental comparison with 16 pilot trainers
demonstrated that automated assessment achieved
good reliability metrics for technical competencies,
while human assessment proved “unacceptably” un-
reliable in these areas. However, neither automated
nor human assessment achieved reliable ratings for
teamwork competencies.

Learning analytics and artificial intelligence ap-
proaches represent emerging developments in this
field. (Munim & Kim, 2023) investigated learning ana-
lytics dashboards for simulator training, emphasizing
that actionable key performance indicators (KPIs) can
be derived from training log data and visualized to
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provide valuable insights for both learners and in-
structors. Advanced machine learning techniques
enable pattern recognition in control data for auto-
mated feedback generation.

The integration of LLMs represents a particularly nov-
el development in maritime training assessment.
While traditional automated systems provide quanti-
tative metrics and basic performance logging, the
application of LLMs to generate natural language
feedback in maritime training contexts remains large-
ly unexplored. This creates opportunities for
Al-enhanced assessment tools that can provide con-
sistent, detailed feedback while reducing instructor
workload and addressing the scalability challenges
identified in conventional assessment methods.

3.3. Cross-Domain Applications of LLMs in
Simulator Training

The application of LLMs in simulator-based training
has seen rapid growth across domains such as avia-
tion, medicine, military operations, and industrial
training. These developments highlight the potential
of LLMs to provide automated assessment, personal-
ized feedback, and scenario generation—capabilities
that closely align with the objectives of maritime
training.

In aviation, LLMs are integrated into flight simulators
for real-time advisory and automated communica-
tion assessment. The LeRAAT framework connects an
LLM to the X-Plane flight simulator, providing pilots
with context-aware decision support during abnor-
mal or emergency procedures (Schlichting, et al,
2025). Similarly, LLM-based air traffic control (ATC)
agents have been developed to simulate realistic ATC
dialogue and provide immediate feedback on com-
munication protocols ( Andriuskevicius & Junzi, 2024).

In medical education, LLMs are used for interactive
patient simulations and post-session debriefing. Sys-
tems like MedSimAl employ LLM-driven virtual
patients to evaluate clinical reasoning and communi-
cation, offering structured feedback directly after
simulated consultations (Cook, et al., 2025). Control-
led studies have shown significant improvements in
diagnostic reasoning when medical students receive
structured, LLM-generated feedback following virtual
patient sessions (Briigge, et al,, 2024).

In military training, LLMs have been applied to
wargaming environments to automate scenario
planning and outcome analysis. For example, the
AFSIM-based wargame framework leverages LLM
agents to create dynamic adversary behavior and
generate narrative reports, reducing scenario design
times from weeks to days (Raj, 2025).
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Industrial training has adopted LLMs as conversation-
al assistants in XR/VR maintenance simulators. These
systems combine immersive 3D training environ-
ments with LLM-driven instructions that respond in
real time to trainee actions, referencing equipment
manuals and safety protocols (Tomkou, et al., 2025).

4. SYSTEM ARCHITECTURE AND DESIGN

The architecture of the proposed ILS for maritime
simulation as shown in Figure 1, is designed as a
modular pipeline that supports real-time assessment,
adaptive feedback, and personalized learning. Stu-
dent assessment begins with task delivery, where
students receive a simulation-based task defined in a
structured training scenario module. These scenarios
specify operational parameters and performance
metrics that form the basis for evaluation. Once the
student performs the task using the maritime simula-
tor, data is continuously collected by a telemetry
collector. Telemetry collection focuses on capturing
simulation data, such as speed, course as well as sen-
sor and behavioral data from the student if
configured. It is to be noted that initial iterations of
the ILS concentrate on simulator telemetry alone, ex-
cluding additional sensors such as gaze or heart rate
to reduce integration-complexity. These data streams
are then processed by collector modules, responsible
for extracting domain-specific indicators like cross-
track deviation, closest point of approach and
Convention on the International Regulations for Pre-
venting Collisions at Sea (COLREGs) violations. The
extracted data is passed to the metric evaluation
module, which interprets the data in accordance
with the task-defined metrics. Evaluation outputs are

» Student

forwarded and prepared for grading, which calcu-
lates a weighted performance score based on task
criteria. This assessment is then stored and visualized
through a learning analytics dashboard, which serves
both students and instructors by providing transpar-
ent progress tracking. To tailor the feedback in a more
natural manner, a comprehensive textual output is
provided to the student via a LLM and a modular
prompting engine, allowing the system to formulate
metric based results in textual descriptions of stu-
dent performance and useful recommendations in
additional lectures or courses to be taken by the stu-
dent. To support continual improvement and
personalization, an adaptive learning module dy-
namically adjusts task parameters and grading
weight using trend analysis and historical perform-
ance data. All telemetry, assessment outcomes and
learning adjustments are stored, enabling long-term
tracking and providing insights at the level of the
curriculum, across a student’s learning history and a
group of students.

Grading results are primarily used to provide user
feedback in two ways:

(1) a metric-based display in the learning analytics
dashboard, and

(2) full-text feedback generated by the LLM module.

This feedback uses rich context to generate texts
suited to different applications, mimicking spoken or
written instructor feedback. This written feedback is
also displayed in the learning analytics dashboard
alongside the metrics, providing students and
instructors with comprehensive insight into student
performance during simulator runs.

Task (Training

"""""""" scenario)
............. ",
L_Q_E:_riqr_rgs__t_a_s_k___.
Simulator
r
Telemetry
(Collector)
Dashboard 1
t Metric Multi-modality
| serves metric | Eokster (e0. V)
Full-text student LLM prompt Adaptive
P : - Grading p_
feedback generation Learning

estimates progress

Storage

Figure 1. System architecture ILS
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4.1. Technical Architecture and ILS integration

The core components of the ILS include the DIS In-
terface Connector, which captures simulator data in
real time using the IEEE 1278 standard and provides
fallback support for NMEA AIS protocols. The soft-
ware components handle analysis and assessment.
The Metrics Processing Engine executes maritime-
specific evaluation algorithms using inputs such as
heading, position and maneuvering data. The LLM
feedback generation connects via an Ollama-com-
patible API, enabling integration with a variety of
local or remote language models to generate natural
language feedback. Historical assessment data is
stored in a MongoDB database with structured col-
lections for sessions, metrics, debriefs, student
profiles and scenario parameters. A web-based dash-
board serves as the interface for visualizing
assessments, performing analytics, and controlling
recording sessions. The system is designed for local
deployment on dedicated hardware and can operate
on a laptop equipped with an RTX 3060 GPU (8 GB
VRAM), 16 GB RAM, an Intel i5 CPU and a 256 GB SSD.
These hardware and deployment constraints ensure
secure offline operation without immediate reliance
on cloud-based infrastructure.

5. CORE ILS COMPONENTS

5.1. Task Achitecture and Metrics Processing
Engine

The ILS implements a flexible, object-oriented task ar-
chitecture, as shown in Figure 2 that defines and
manages training activities as discrete, assessable
units. Each task encapsulates a name and descriptive
scenario context, along with a set of evaluation criteria,
domain-specific analysis functions, data collectors,
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and configurable weighting schemes. This design en-
ables a dynamic assessment of user behavior across
complex navigational scenarios while simultaneously
addressing multiple learning objectives. A core
strength of this architecture lies in its end-to-end in-
tegration of competencies, which are explicitly
embedded from the earliest stage of task design, car-
ried through real-time assessment, and ultimately
form the basis for individualized evaluation and feed-
back. Each task is mapped to one or more
competencies within the system's defined frame-
work. such as Course Keeping, Navigation Using
Charts, COLREGs Compliance, and Maneuvering. This
mapping ensures that the learning objectives are di-
rectly tied to recognized performance standards.
During execution, the Metrics Processing Engine
transforms raw simulator data into normalized per-
formance indicators, applying expert-informed logic
such as threshold analysis, phase segmentation,
contextual weighting, and event detection. This pro-
duces detailed, timestamped assessment data that is
explicitly tagged by competency, allowing the sys-
tem to evaluate not just overall performance but also
how well specific skill areas were demonstrated dur-
ing different phases of the operation (e.g., individual
legs of a voyage plan). Critically, this competency
tagging persists into the feedback and recommenda-
tion stage. FEach result is parsed to identify
performance across the associated competencies,
enabling the system to generate feedback for the
student. Competencies that were only partially dem-
onstrated or failed outright are flagged and linked
automatically to remedial resources or follow-up
tasks designed to strengthen those specific areas. In
this way, the system enables a custom learning expe-
rience, where each student receives dedicated
feedback and tailored learning pathways that address
their unique performance profile.

I:‘ COMP

Student Task

'4 ™

Student feedback

COMP

COMP 1 COMP/...]

Past results Result

g )

Learning recommendations

J

Ij COMP

Figure 2. Task architecture with competencies (COMP)
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5.2. LLM Integration for Prompt Engineering

Figure 3 illustrates the architecture used to generate
contextualized prompts for feedback generation us-
ing a LLM in the ILS environment. The processing
layer combines all parts for student feedback into co-
herent, purposeful instructions for the LLM. To aid in
the generation of such instructions, role introduction
(framing the model's communication style), perform-
ance data (quantitative and qualitative outputs from
the assessment system) and a feedback request (pro-
viding explicit guidance on what the model should
focus on), are integrated into the template. This en-
sures that the generated prompt accurately reflects
both the learner’s activity and the instructional goals.
The output layer represents the structured feedback
tailored to the student’s performance and framed by
the specified role and context. For example, in a
route-following task, the system might start the
prompt with:

“(Prompt Role) You are an experienced maritime
instructor at a maritime academy. Your task is to
assess a student’s performance in a transit and
waypoint-following exercise, where the student must
maintain a safe and accurate route using electronic
navigation tools.”

This is followed by a structured summary of the
student’s performance data. An example might look
like:

“(Prompt Context) The student’s overall performance
score is 82.5%, with the following breakdown:

Course Keeping (Score: 90.0%, Weight: 45.0%) —
Impact on Total Score: 45.0%

COLREGs Compliance (Score: 60.0%, Weight: 25.0%)
— Impact on Total Score: 15.0%"

The template is concluded by a feedback request
section, in which a structured text can be construct-
ed by the instructors in advance, to adjust the
feedback to their style and additional formatting re-
quirements. It specifies expectations for the model,
such as evaluating strengths and weaknesses, sug-
gesting targeted improvements, and recognizing
performance trends. For example, the prompt may
request:

“(Feedback Request) Provide detailed feedback including:
1. Overall evaluation of performance[...]
2. Specific strengths and weaknesses [...]

3. Actionable recommendations for improvement

[..]
4. Notable performance patterns [...]

5. Suggested focus areas for future training [...]"
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Figure 3. LLM structured feedback generation flow

Together, these sections are dynamically composed
into a complete, context-aware prompt. By segment-
ing prompt in this way, the system allows for
customization, extensibility, and instructional control,
enabling educators to adapt feedback generation to
their pedagogical preferences. This structured com-
position ultimately aims at producing, role-aligned,
and learner-specific feedback that reflects both task
performance and instructional priorities.

6. DISCUSSION

6.1. Current Limitations and Development
Scope

The current implementation focuses on basic and in-
termediate maritime training scenarios. Complex
decision-making situations such as collision avoid-
ance in high-traffic conditions fall outside the
immediate system scope. Several technical con-
straints should be acknowledged:

Validation Status: While the technical architec-
ture has been implemented and tested for
functionality, comprehensive validation with ac-
tual students and instructors in real training
environments is planned as the next phase of the
i-Master project.

Computational Dependencies: Real-time LLM
processing requires dedicated GPU resources,
potentially affecting system responsiveness in
resource-constrained environments or when
processing multiple simultaneous assessments.

Simulator Fidelity Dependency: Assessment
accuracy is inherently limited by the fidelity and
accuracy of the underlying maritime simulator, as
the system can only evaluate data provided by
the simulation environment.
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These limitations define the current boundaries of
the system while establishing clear directions for
future development and validation activities.

7. CONCLUSION AND FUTURE WORK

This work demonstrates the technical implementa-
tion of an automated assessment system for
maritime simulator training, successfully integrating
real-time data collection, competency-based metrics
processing, and LLM-based feedback generation
within a modular architecture. The system achieves
end-to-end integration from raw simulator telemetry
to structured natural language feedback, with explicit
competency mapping that enables personalized
learning pathways and targeted recommendations.

Technical achievements include the development of
a flexible, object-oriented task architecture that
embeds STCW competencies throughout the assess-
ment pipeline, from initial task design through final
feedback generation. The Metrics Processing Engine
successfully transforms simulator data into normal-
ized performance indicators using expert-informed
logic, producing timestamped assessment data
tagged by specific competencies. The LLM integra-
tion demonstrates effective prompt engineering
through structured templates that combine role defi-
nition, performance context, and customizable
feedback requests, enabling instructors to adapt au-
tomated feedback to their pedagogical preferences
while maintaining consistency across assessments.

Implementation insights reveal that real-time LLM
processing requires careful resource management to
maintain system responsiveness, particularly when
handling multiple simultaneous assessments. The
competency-driven architecture proves essential for
generating actionable feedback, as explicit mapping
between simulator metrics and learning objectives
enables fine-grained performance analysis across
different operational phases. The modular design suc-
cessfully supports iterative improvement of individual
components while maintaining overall system integri-
ty, and local deployment on standard hardware (RTX
3060, 16GB RAM) demonstrates practical deployment
viability for maritime training institutions.

Critical future work will focus on comprehensive vali-
dation of educational impact and operational
performance in real training environments through
the i-Master project’s planned validation phase.
Essential next steps include structured comparative
analysis of system-generated versus instructor asses-
sments using identical simulator runs, user acceptance
testing with maritime education professionals, valida-
tion of LLM feedback quality and pedagogical
effectiveness, and collection of empirical learning
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outcome data across student cohorts. The system ar-
chitecture supports expansion of metrics repositories
and assessment models, integration of additional
performance indicators, and adaptation based on
observed user behavior and performance metrics.

The successful technical implementation provides a
foundation for future validation research in automat-
ed maritime education, establishing the architectural
and technical prerequisites necessary to empirically
investigate whether intelligent systems can enhance
training quality while reducing instructor workload
and institutional resource constraints.
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