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Abstract. Developing an objective assessment approach in maritime simulator
training can be a highly challenging task due to the complexity of simulating
realistic scenarios, capturing relevant performance indicators and establishing
good assessment protocols. This study provides a synthesis of simulation
scenario contexts, data collection approaches, and data analysis methods in
published simulator training studies. A systematic literature review (SLR)
approach was adopted for identifying the relevant studies and analysing their
content in-depth. The findings reveal that the reviewed studies focused on full-
mission simulator-based assessment using collected data from various tools
including surveys, eye-tracking, ECG, video or voice recording etc. The findings
hold relevance in the development of learning analytics for facilitating objective
assessment in maritime simulator training.
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1 Introduction

Objective assessment approaches in maritime simulator training and education have
been consistently advocated for implementation [1]. While rapid technological
advancements in simulation modalities have diversified the maritime learning
approaches and delivery methods, the assessment aspect still mainly relies on human
involvement. Instructors play an essential role in evaluating the learning performance
and determining the competence and readiness of the learners. While the Standards of
Training, Certification and Watchkeeping for Seafarers (STCW convention and codes)
provides competence requirements and outlines assessment criteria, the specific
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assessment methods, scoring criteria and detailed performance standards may vary
depending on the instructors and training institutions.

Recently, scholars have been investigating alternative assessment approaches in
maritime simulator training and seek to explore innovative ways to evaluate seafarers’
performance and competence. For example, an automatic assessment approach was
explored by Juszkiewicz and Zukowska [2]. The assessment approaches or tools need
to be perceived as reliable and useful by the instructors and students. Munim and Kim
[3] proposed a learning analytics dashboard (LAD) outline based on underlying pattern
detection from simulator data. To develop a functioning LAD, data from multiple
sources can be collected and analysed. The focus of assessment, data collection, and
analysis approaches have to be aligned. Hence, the following research questions are
addressed in this study:
(1) What are the characteristics of the simulation scenarios in terms of context,
duration, and level of complexity?
(2) What are the data collection approaches used in published maritime simulation
training studies?
(3) What are the common data analysis methods and tools in the assessment of
maritime simulator training?

2 Methodology

Data for this review study was collected using a systematic approach. The scientific
records database Scopus was used to identify relevant articles. Scopus is one of the
largest databases and widely used in literature review studies, see for example Macke
and Genari [4]. The literature search was conducted using Boolean expressions to
identify relevant articles on various assessment approaches of maritime simulator
training in March 2023. The search was limited to titles, abstracts, and keywords, and
only journal articles written in English, which reverted to 348 potential records. The
Boolean expression is reported in Table 1.

After the initial search, articles published prior to 2010 were not considered (86),
leaving 262 articles for manual scrutiny. The abstracts of the records were screened to
identify the studies that are highly relevant to the research questions of this study. Most
of the studies (141) did not focus on Maritime Education and Training (MET) at all or
were focused on general simulator set-up without involving assessment approaches.
Two papers were duplicate but not recognized as such initially due to minor
inconsistencies in the title; 17 focused on the role of the instructor in MET, and not on
the assessment of navigational competency; 18 on the engine simulation; 36 were
related to autonomous shipping, and 9 were on ports. After screening the abstracts, 36
studies were left, which were read in detail. Out of these, 13 were considered of high
relevance. One article was added manually at this point. Hence, a total of 14 articles



were transcribed in a literature review matrix to compose the results presented in the
next section.

Table 1. Literature search terms

Search string 1:
("maritime" AND "simulat*" AND ("training" OR "education"))

OR

Search string 2:

("maritime” OR "marine” OR "sea") AND ("pilotage” OR "navigation*" OR
"bridge™ OR "seafarer”) AND ("education” OR "training") AND ("simulator*" OR
"simulation™)

3 Results

A qualitative content analysis approach was adopted to answer the research questions.
The 14 relevant studies were coded for content using a structured literature review
matrix in Microsoft Excel. The matrix included coding of simulator use information,
description of simulation scenario, exercise duration, key performance indicators
(KPIs) for assessment, variables for assessment, data collection approaches, and
analysis methods and software. A summary of the reviewed studies is presented in
Table 2.

Table 2. Summary of the reviewed studies

Study Data Data Data analysis Software
collection frequency
[5] Survey 10 minutes Descriptive Excel
interval statistics,
Spearman Rank
Difference mean
[6] Eye-tracking Continuously, Descriptive Tobii Pro Lab
100 Hz statistics, Kruskal  Analyzer;
Wallis test, Mann-  SPSS
Whitney U Test,
Heat-map
[71 ECDIS Every 10 Deviation Not reported,
seconds calculation most likely
probably Excel
[2] SEA tool in NA SEA and review SEA program
the simulator, by experts (automatic

observation

evaluation) and
evaluation by



[8]

[9]

[10]

[11]

[12]

[13]

EEG;
Videos to
label the
events and
match them

1. EEG

2. ECG

3. Eye-
tracking

4.1 NASA
TLX

4.2. Likert
scale

Data from the
simulation
Cameras,
microphones,
eye tracking,
simulator data
storage
Revised NEO
Personality
Inventory,
SARS
questionnaires
. ECG;
Simulator data

Video
recording

Continuously

1-3
continuously;
4.1 after each
exercise;

4.2. every
2mins

NA

Continuously

5-min interval
for ECG;

The revised
NEO
Personality
Inventory one
week prior,
SARS after the
simulation

Continuously

SVM; EEG data
processing;
Evaluating the
brain states using
ML

Likert scale
transformed into a
continuous
numerical
function

ANOVA; Perason
correlation

Tobi Pro
Glasses 2

Hierarchical
multiple
regression;
Pearson
correlation;
ANOVA:
Turkey's post hoc
test.

Cataloguing to
Excel, analytical
search

qualified
persons

C++ on Visual
Studio;

HTML and
JavaScript

Kubios HRV

IBM SPSS
Tobii Pro
software
development kit
(SDK)

NA

Excel



[14] SA: 15 Simulator data: ~ Mann-Whitney U NA
questions; Continuously; test; Wilcoxon
Decision signed-rank test
making:
questionnaire;
Navigational
performance:
Simulator data
[15] Observations Continuously Safety NA
from the compliance

instructors and
participants

[16] Empatica E4 Body temp: 4 Convolutional NA
band (wrist) Hz; in °C; neural network
EDA: 4 Hz, in
uS; BVP: 64
Hz; PPG; all
signal are
downsampled
to 1 Hz for data

analysis
[17] fNIRS data; Continuously ANOVA, NA
Ship distance Artificial Neural
data from Networks

simulator

Simulation scenario characteristics

All the studies in the sample used full-mission simulators. Four studies reported the use
of Kongsberg simulators [2, 5, 7, 16], while others did not report the simulator
provider’s name. The simulation scenarios varied in terms of context, duration, and
level of complexity. The majority of the simulation scenarios included anti-collision
scenarios [2, 5, 6, 13, 14, 17]. Some focused on sub-sea gas compression installations
[11], manoeuvring [8, 10], docking [7], berthing [9] and offloading operations [15].
Overall, simulation exercises included tasks related to navigation (situational
awareness, Radar, ECDIS), watchkeeping, manoeuvring, docking/berthing/offloading
(dynamic positioning), collision avoidance (COLREG regulations), radio reporting,
and decision making.

Some of the sample studies described the simulation scenario context in detail.
Simulation scenarios covered real voyages in the Strait of Gibraltar [5], the Oslofjord
[7], the coast of Western Norway [11], and the Dover Strait in the English Channel
[13]. Others focused more on the tasks, required activities, and/or phases of operations.
For instance, the simulation training experiment in Orlandi et al., [10] included two
phases: (1) developing four manoeuvring plans, and (2) executing the plans during



voyage. Likewise, the task requirement in Juszkiewicz & Zukowska [2] included
turning on and adjusting the ARPA to weather conditions, acquiring targets, assessing
the situation, planning and executing an anticollision maneuver (if necessary), and also
planning and executing a returning maneuver (if necessary). Studies that attempted to
assess higher levels of navigation competency, usually included anti-collision, decision
making [6, 17], and berthing operations [9, 10].

The length of simulation scenarios varied among the sample studies to a great extent.
The shortest reported is 13 minutes [6] and longest ones lasted up to 02 hours [9, 15].
The scenario length was about 60 minutes in several studies [8, 14, 16]. Most of the
simulation scenarios can be divided into three to five phases. Typical phases are
familiarization or baseline (5-15 minutes), operational tasks (5 to 10 minutes), duties
or watchkeeping (15-30 minutes), crisis’emergency management or decision making
(5-10 minutes), and feedback or debriefing (15-30 minutes). It is recommended to
include these phases in future maritime simulation scenario design.

Data collection approaches

Based on the coding of information in the structured literature review matrix, a
framework guiding the adoption of data collection approaches for assessing various
navigation competency KPIs is proposed in Figure 1. In the sample of reviewed studies,
five types of navigation competency KPIs are assessed: (1) navigation performance
mainly through deviation from the planned route or course, (2) psychological and
psychophysical factors, (3) situational awareness, (4) navigation rules and regulations,
and (5) crisis management and decision making.

The tools and approaches to data collection varied depending on the type of navigation
competency KPIs. To assess (Type 1) navigation performance, data were collected
mainly from the simulator log data [2, 7, 10, 14]. Simulator data included ECDIS,
RADAR/ARPA, AIS, and vessel properties data. Additionally, observation by the
instructor was reported [2].

For assessing (Type 2) psychological and psychophysical factors such as workload,
stress level, situation control, and level of difficulty, data were collected using eye-
tracking, Electroencephalogram (EEG), Electrocardiogram (ECG), self-reported likert
scale surveys [8, 9], and functional near-infrared spectroscopy (fNIRS) [17]. While
EEG and fNIRS are used for measuring brain activity, ECGs are used to record the
electrical activity of the heart.

Several studies focused on the assessment of (Type 3) situational awareness (SA),
which has been assessed using data from diverse tools and approaches. Atik [6] has
used only eye-tracking data for SA assessment. In addition to eye-tracking and
simulator data, Sanfilippo [11] used data from video recording cameras and voice
recordings from microphones for SA assessment. Tirkistanli and Kuleyin [14] used
survey questions multiple times at different phases of the simulation exercise. SA was
assessed through variation in psychological and psychophysical measures as well using



cardiovascular responses (CVR), heart rate variability (HRV, can be also derived from
blood volume pulse), photoplethysmograph (PPG) sensor (measures blood volume
pulse), infrared thermopile (reads peripheral skin temp), EDA sensor (measures the
fluctuating changes in certain electrical properties of the skin), and 3-axis accelerometer
(to capture motion-based activity) [12, 16]. The Empatica E4 (wrist) band was used for
data collection by Xue et al., [16]. Saus et al., [12] used data from multiple sources such
as the Situational Awareness Rating Scale (SARS), Revised NEO Personality
Inventory (NEO PI-R), Ambulatory Monitoring System using 1 cm Ag/AgCl ECG
electrodes, and simulator data.

To assess (Type 4) navigation rules and regulations competency, video recording and
observation were used [2, 13]. Finally, (Type 5) crisis management and decision-
making were assessed using data collected through observations from the instructors
and participants [15], and questionnaire surveys [14].

Figure 1. A framework for data collection in the assessment of maritime simulator
training

Navigation Competence KPIs Data Collection Tools and Approaches

* Simulator data
(e.g. RADAR, ECDIS,
Vessel properties, AlS)

* Navigation performance
(e.g. Deviation from
planned route/course)

* Psychologicaland * Eye-tracking
psychophysical
(e.g. Workload, Stress,

Situation control, Level of * EEG, ECG, fNIRS
difficulty) * PPG sensors, Infrared

thermopile, EDA
sensors, 3-axis
accelerometer

* Situational Awareness

(SA)
* Videorecording
* Navigationrules and * Voice recording
regulations * Observations

= . *  Survey
+ Decision making and .
Liker-scale survey

Crisis management * NEOPI-R, SARS

Abbreviations: Situational Awareness Rating Scale (SARS), Revised NEO Personality
Inventory (NEO PI-R)

Data analysis methods and tools

Data collected through various tools and approaches were mostly analysed using
simpler statistical methods and widely used software. Descriptive analysis and mean
comparison tests such as ANOVA, Kruskal-Wallis, Spearman Rank, and Mann-
Whitney tests were evident in experimental studies [5, 6, 10, 14, 17]. Use of correlation



and multiple regressions were evident, too [12]. In addition to statistical analysis, heat
map analysis was used for eye-tracking [6]. For navigation performance assessment
using simulator data, deviations were calculated [2, 7]. For EEG, ECG, and fNIRS data
analysis, machine learning approaches have been used, for instance, artificial neural
networks (ANN) [17], convolutional neural network (CNN) [16], and support vector
machine (SVM) [8].

In terms of software used, Tobii Pro was used when eye-tracking data was analysed [6,
11]. SPSS and Excel were mainly used for statistical analysis and deviation calculations
[5, 10]. For machine learning applications, the software was not explicitly reported, but
now-a-days ANN, CNN, and SVM can be used though many software packages
including Matlab, Stata, R, python etc.

Proposal for a comprehensive assessment approach

Since an inventory of data collection approaches, analysis methods, and how they are
used in maritime simulator training have identified, a comprehensive assessment
approach is proposed utilizing them in Figure 2. For instance, to assess navigation
performance, simulator data can be used which can be analysed using classification
and/or clustering ML algorithms. Similarly, eye tracking can be used to assess
situational awareness by heatmap analysis. This approach can be adopted to develop a
LAD for students and instructor in MET. For assessment of five dimensions of MET,
at least five different data sources are recommended, and should be analysed through
at least five separate models or algorithms, but the outcomes need to be visualized in
one dashboard. The most important information, depending on the user’s (student or
instructor) preference, should stand out in the dashboard.

Figure 2. Proposed assessment approach integrating emerging technologies

Data

el it Data analysis Assessment
1. Simulator 1. Classification and/or 1. Navigation
2. Structured and clustering MLs performance
open-ended survey 2. Automatic 2. Navigation rules and
3. Eye tracking assessment and text regulations
4. Wrist band mining ML 3. Situational
5. Voice and/or video 3. Heatmaps Awareness
recording 4. Regression MLs 4. Psychological and
5. Speech and/or psychophysical
pattern recognition 5. Decision making
MLs and Crisis

management



4 Conclusions and future research

This study provides a synthesis of simulation design characteristics, data collection
approaches, and analysis tools in maritime simulation training. A systematic literature
review approach was adopted to identify relevant published studies on the topic and
analyse their contents. The findings reveal that the simulation scenarios varied in terms
of context, duration, and level of difficulty. Data collection approaches include
simulator data (including ECDIS and Radar data), eye-tracking, questionnaire surveys,
observations, EEG, ECG, fNIRS, wristbands, video recording, and voice recording.
Statistical analysis utilizing descriptive statistics and mean comparison tests were the
most common analysis methods, while SPSS and Excel were the main analysis software
tools. Based on the findings, a comprehensive assessment approach in maritime
simulator training has been proposed.

Since the reviewed studies only focused on full-mission simulation training, future
research should focus more on other simulator modalities such as desktop, cloud and
virtual reality. Future development of navigation simulator training might further
benefit from the adaptation of the metaverse. Despite the use of wearable tools in data
collection in the reviewed studies such as eye-tracker, fNIRS, EEG and ECG, their
feasibility of use during regular training sessions needs to be assessed. Further, in terms
of data analysis, machine learning applications were limited in the sample of reviewed
studies, which should be further explored in future research.
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