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Abstract. Many studies have shown that most maritime accidents/incidents are 

attributed to human error as the initiating cause. Efforts have been made in 

study of human factors to improve safety in maritime transportation. Among the 

various techniques, Electroencephalography (EEG) has the key advantage of 

high time resolution, with the possibility to continuously monitor brain states 

including human mental workload, emotions, stress levels, etc. In this paper, we 

proposed a novel mental workload recognition algorithm using deep learning 

techniques and successfully applied it to monitor crew members in a maritime 

simulator. We designed and carried out an experiment to collect the EEG 

signals, which were used to study stress and distribution of mental workload 

among the crew members during collaboration tasks in the ship’s bridge 

simulator. The experiment consisted of two parts. In part 1, the maritime 

trainees fulfilled the tasks with and without an experienced captain. The results 

of EEG analyses showed that 2 out of 3 subjects had less workload and stress 

when the experienced captain was present. In part 2, four maritime trainees 

cooperated with each other in the simulator. Each of them took on one of the 

following roles: officer on watch, captain, pilot, or steersman. Here, the trainee 

who acted as the captain had the highest stress and workload levels while the 

other three trainees experienced low workload and stress due to the shared work 

and responsibility. These results suggest that EEG is a promising evaluation 

tool applicable in human factors study for the maritime domain.  
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1 Introduction  

Over the years, various methods and techniques have been established to address 

human factors research to improve safety in maritime. Apart from conventional 

methods such as statistical analysis of accident data and questionnaires, bio-signals 

can be considered as novel tools to evaluate human factors. The 

Electroencephalogram (EEG) has several advantages over other bio-signals as the 

signal has high time-resolution with adequate accuracy. Mental workload, emotion 

and stress of the maritime trainees can be monitored using EEG when they perform 

tasks in a ship’s bridge simulator. This allows the cause and effect of human errors to 

be studied. 

In work [1], we did a case study of workload and stress levels of crew members 

during task performance in a virtual simulator, using state-of-art EEG-based workload 

and stress recognition algorithms. For this paper, we propose a novel mental workload 

recognition algorithm using deep learning techniques that improve classification 

accuracy compared to state-of-art algorithms, and subsequently apply it to monitor the 

crew members while they perform maritime tasks in a virtual simulator. We also 

describe an experiment with 7 maritime trainees that consists of 2 parts. In the first 

part of the experiment, we recorded EEG data from 3 trainees who performed the 

tasks in the simulator with and without an experienced captain. EEG signals of these 

three trainees were recorded. In the second part of the experiment, 4 trainees formed 

the crew in the ship’s bridge simulator. Each trainee played one of the 4 roles: officer 

on watch, captain, pilot, or steersman. EEG signals of all 4 trainees were recorded. 

Workload, and stress levels of the trainees were recognized from the EEG signals in 

both parts of the experiment.  

The paper is structured as follows. Section 2 reviews methodologies in maritime 

human factors study. Section 3 introduces EEG-based brain recognition algorithms. 

Section 4 describes the experiment, and Section 5 presents the experiment results. 

Finally, Section 6 concludes the paper. 

2 Related Works 

During routine work, the performance of an individual can be easily affected by one or 
many causes. In this paper, we aim to assess and evaluate workload and stress of 
individuals while they perform tasks to study the impact on crew performance. The 
results of this study may help prevent future accidents caused by human factors. 

2.1 Workload and Stress 

In our research, we refer to the term ‘workload’ as cognitive workload. Workload 

can be defined as the mental resource required to process information to complete a 

task [2]. Stress, as often discussed by academics and scholars, also has various 

definitions. It is thought that stress correlates with mental consciousness and emotion 
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within a person when the achievable capacity is exceeded [3]. Both workload and 

stress are important factors in maritime domain for safety during cruising [4-6].  

2.2 Traditional Methodologies in Maritime Human Factors Study 

Many studies were conducted by analyzing available reports and databases which are 

usually a joint effort between the maritime organization and the government’s safety 

department. The data from these case studies are often used to identify underlying 

common factors [7].  

However, researchers face a major challenge as there is no standardized system to 

classify the type of accidents. Accidents usually happen due to multiple factors, and it 

could be difficult to categorize them to gain meaningful insight. One of the major 

problems to overcome is to be able to identify the common factors of human errors. 

These underlying human factors can originate from the interactions between 

environment, people or technology. Preliminary findings have also shown that human 

errors can be due to poor performance or lack of situational awareness. Given the 

complexity  when considering the possible factors, it is difficult to identify the actual 

error [4, 7]. 

Questionnaires are another commonly used traditional assessment method. For 

example, operator workload is usually assessed with the administration of a 

questionnaire, such as the NASA Task load index (NASA-TLX) [8] or the Subjective 

Workload Assessment Technique (SWAT) [9]. However, this method only provides a 

subjective assessment of an operator’s personal workload which might not be reliable. 

Furthermore, administration of such questionnaires is usually done after the task, 

which adds to the subjectivity of the assessment and is not practical from an 

operational standpoint, where the goal is to assess operator workload as the task is 

being performed. 

2.3 Bio-signal based Methodologies in Maritime Human Factors Study 

To overcome the problems encountered by traditional methods in human factors 

study, different types of bio-signals can be applied. Among which, EEG is an 

electrophysiological method that reflects the electrical activity within the human 

brain. This method is noninvasive as the electrodes are placed on the scalp’s surface. 

In addition, high precision of time measurement can be obtained by using an EEG 

device with a higher sampling rate. The EEG produces signals by reading the neuron 

undulations, commonly known as “brain waves”. In the case of EEG-based 

assessment, various brain states can be identified with a classifier trained in advance. 

Thus, when the operator performs the task, the brain states of him/her will be 

recognized based on the trained model and not through any subjective assessment. 

Furthermore, the EEG device can be worn throughout the task and brain states can be 

assessed as the task is ongoing. 

In this work, we shall monitor the workload and stress levels of maritime trainees 

using the EEG.  



4 

2.4 EEG-based Workload Recognition 

Currently, EEG-based workload recognition algorithms that have the best accuracy 

are subject-dependent ones.  Workload recognition generally involves the derivation 

of features, such as spectral power, from the EEG raw data and subsequently applying 

these derived features to train a classifier. For example in [10], the researchers utilized 

a fusion of spectral power and event related potential (ERP) features to train a 

Support Vector Machine (SVM) classifier and achieved an average 85.0% accuracy 

for classifying 2 levels of workload. Other studies have also proposed using the 

combination of features from various physiological measurements aside from EEG. In 

[11], a study on a combination of skin conductance, heart rate, pupil size, EEG 

spectral power, and ERP features to classify mental workload was carried out. The 

average reported accuracy was 91.0% for differentiating high and low mental 

workload. More recently, deep learning methods are also being studied to classify 

mental workload. Research in [12] applied a stacked-denoising autoencoder to study 

within and cross session EEG workload data. Average accuracy of 95.4% and 87.4% 

was reported for classifying 2 levels of workload for within and cross sessions 

respectively. 

3 EEG-based Brain States Monitoring  

3.1 Workload 

In this paper, we proposed a novel subject-dependent mental workload recognition 

algorithm using deep learning techniques that outperforms state-of-art algorithms. 

Subject-dependent algorithms require calibration for each new subject. To calibrate 4 

levels of workload, EEG data recorded during a Stroop color word test with 4 

different levels of difficulty was used. Table 1 indicates the workload values: 0, 1, 2, 

3 which corresponds to no workload, minimal workload, moderate workload and high 

workload respectively.  

For the Stroop test, level 0 corresponds to the subject observing the screen but not 

performing any actions. Level 1 requires subjects to press the correct key in response 

to the color displayed on-screen. The ink color matches text displayed for this level. 

For example, the word “blue” is displayed with a blue color. In level 2, subjects are 

still required to press the correct key in response to the ink color displayed, but in this 

case, there is a mismatch between text and color displayed. For example, the word 

“blue” might be displayed with a yellow color, and the correct response would be to 

press the “yellow” answer key. Finally, for level 3, the task is same as in level 2 but 

with a time limit imposed. Subjects must respond within 1 second after the stimulus is 

displayed. The Stroop test interface can be viewed in Fig. 1. Each level lasts 1 minute. 

To calibrate a classifier for 4 levels of workload recognition, two algorithms were 

tested using the EEG data from 18 subjects that was collected for workload 

calibration in the maritime experiment [13]. For classifier A, a SVM classifier was 

trained with a combination of fractal dimension (FD) and statistical features. The 

method follows the algorithm proposed in a separate study on multitasking workload 
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[14]. When applied on 4 levels of workload recognition from the 18 subjects, an 

average of 58.7% recognition accuracy was achieved from 5 folds cross validation on 

each subject. For two levels, an average of 83.2% recognition accuracy was achieved. 

Table 1. Workload states. 

Workload Level State 

0 No 

1 Minimal 

2 Moderate 

3 High 

 

Workload recognition was also studied using a novel approach. For classifier B, 

spectral data derived from the Fast Fourier Transform of the EEG raw data was first 

input to an Autoencoder to learn a feature representation, which was then combined 

with the statistical and FD features and trained with the SVM classifier. For this 

approach, an average accuracy of 79.9% was achieved from 5 folds cross validation 

on each subject for 4 levels of workload recognition. For two levels, this approach 

gave an average accuracy of 95.4%. The classifier calibration process can be viewed 

in Fig. 2. For both classifers, all 14 channels were used and the features were 

extracted using a sliding window of 4 seconds with 75% overlap. From the results, it 

shows that using deep learning technique in the algorithm is successful in improving 

classification accuracy.  

 

Fig. 1. Stroop test for 4 levels workload calibration. Clockwise from top left: Level 0, subjects 

are to observe the screen but not respond. Level 1, subjects are to respond by pressing the 

correct key corresponding to the ink color displayed. Level 2, same task as level 1 but with 

mismatch between word meaning and ink color. Level 3, same task as level 2 but with response 

time limit of 1 second imposed after stimulus display. 
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Fig. 2. Overall diagram for calibration procedure of 2 SVM classifiers used for 4 levels 

workload recognition from Stroop test. 

3.2 Stress  

In this paper, we recognize stress by combining the workload and emotion states. In 

our previous work [15], we proposed a subject-dependent algorithm for emotion 

recognition using sound clips from the IADS database [16] to evoke different 

emotions. A combination of FD and statistical features were used as input to train the 

SVM classifier. Once the classifier model is obtained, it can be used to identify the 

emotional state of the subject. All 14 channels were used in the algorithm, and the 

features were extracted using a sliding window of 4 seconds with 75% overlap. We 

showed in [15] that up to 8 emotions can be recognized with an accuracy of 69.53%.  

In this work, 3 emotions, including positive, neutral, and negative are considered. 

The emotion labels and the corresponding numerical labels are presented in Table 2. 

Table 2. Emotional states. 

Emotion Level State 

0 Positive 

1 Neutral 

2 Negative 

 

Stress has always been associated with one’s emotional state and workload level as 

it is directly or indirectly influenced by both of them. Significant correlation has been 

found previously in [17]. Following the algorithm proposed in work [17], we combine 

the recognized emotional state and workload state to get the stress level, as shown in 

Table 3. 
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Table 3. Stress states. 

Emotion 

Level 

Workload 

Level 

Stress 

Level  
State 

0 0 0 Low  

1 0 0 Low  

2 0 0.5 Medium Low 

0 1 1 Moderate Low 

1 1 1 Moderate Low 

2 1 1.5 Medium 

0 2 2 Medium High 

1 2 2 Medium High 

2 2 2.5 Moderate High 

0 3 3 High 

1 3 3 High 

2 3 3.5 Very High 

4 Experiment 

We carried out a pilot experiment to study the relationship between maritime trainees’ 

mental workload and stress levels, and their task performance when they shared duties 

on the bridge of a virtual simulator.  The experiment consists of two parts. In the first 

part, trainees performed tasks with and without the presence of an experienced 

captain. The EEG of these trainees was recorded. In the second part, we recorded 4 

maritime trainees’ EEG while they cooperated with each other. 

4.1 Simulator  

The experiment was conducted within SMA’s Integrated Simulation Centre (ISC), 

which houses five full mission ship’s bridge simulators. Each simulator contains high-

tech equipment such as True Motion radar, Automatic Radar Plotting Aid (ARPA), 

navigation controls, and electronic navigational aids display. A 180-degree field of 

view is provided by large-screen monitors, simulating a highly realistic environment. 

4.2 Subject 

In the simulator, each trainees was assigned the following roles: First, an Officer On 

Watch (OOW) who is tasked with the duties of watch keeping and navigation on the 

ship's bridge. He is also the representative of the ship's master and has full 

responsibility for a safe and smooth navigation of the ship. Second, a steersman, 

whose job is to steer the ship. Third, a captain who oversees the safe navigation of the 

ship while giving instructions to the rest of the crew. Lastly, a pilot who is a mariner 

with experience in the maneuvering of a vessel in congested areas or harbors and 

provides advice to the captain about navigation in an area. 
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As the experiment consists of two parts, we had two groups of subjects. The first 

part was carried out with 3 maritime trainees with and without an experienced captain 

in the simulator. When the experienced captain was absent, the trainees took over the 

duty of Officer on Watch (OOW), Pilot and captain. When the experienced captain 

was present, the trainees took over the duty of Officer on Watch (OOW) and Pilot. 

The EEG from the trainees whose role is OOW/Pilot/captain was recorded. The duty 

of steersman was taken by other trainees whose EEG data were not recorded.  

The second set was carried out with 4 maritime trainees in the same simulator. 

Each of them took up a different role to simulate actual bridge watch-keeping duties. 

The EEG from all 4 trainees was recorded. Their respective roles were as follows: 

Trainee 1 - Officer On Watch; Trainee 2 – Steersman; Trainee 3 – Captain; Trainee 4 

– Pilot. 

4.3 Experiment Procedure 

Before the start of the experiment, the subject was required to fill in an intake 

questionnaire. Next, the calibration for subject-dependent emotion and workload 

recognition were performed. As outlined in Sections 3.1 and 3.2, sound clips from 

IADS and the Stroop color word test were used for emotion and workload calibration. 

The Emotiv [18] device was used to record the raw EEG data when the maritime 

trainees were exposed to the stimuli and the obtained EEG data was used to train the 

classifier as described in Section 3. 

After the calibration, the trainees were required to navigate the vessel in a 

simulator under pre-defined scenarios. Details of the vessel type and destination of 

voyage were given prior to the start of the exercise. The EEG data and video footage 

in the simulator was recorded in order to label the timelines of the EEG data with the 

corresponding significant events that occurred during the navigation.  

5 Results of the Experiment 

As we had two parts in the experiment the results are presented in the following two 

sections: 1) Trainees with and without experienced captain and 2) Trainees 

collaboration with different roles.  

5.1 Trainees with and without Experienced Captain 

The states of workload and stress were averaged for the 3 subjects and summarized in 

Table 4. It shows that 2 out of 3 subjects (Sub 1 and 2) experienced less workload and 

stress when the duty is shared by the experienced captain.  

Table 4. Stress states of the trainee with and without experienced captain. 

  Sub 1 Sub 2 Sub 3 

 Without With Without With Without With 
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Captain Captain Captain Captain Captain Captain 

Average 

Workload Level 
1.71 1.17 1.17 0.76 0.80 2.38 

Average Stress 

Level 
1.76 1.36 1.41 0.79 0.96 2.43 

  

5.2 Trainees Collaboration with Different Roles 

From the video footage, we observed that three significant events happened during the 

exercise: 1) at 14 seconds, the pilot gave instructions to the captain and asked to 

reduce the engine speed. The ship was trying to navigate away from a stationary 

vessel. All trainees were alerted. 2) At 847 seconds, OOW identified a nearby ro-ro 

vessel and cruise ship speed was identified as 6 knots. 3) At 1106 seconds, the 

trainees were discussing the voyage details. The brain states recognized from EEG 

signals for these three events are described and discussed in this Section. 

Brain States for Event 1. For workload: High attention can be observed from 2s after 

the exercise started. The captain and pilot experienced the greatest degree of workload 

level while the steersman had 0 workload level throughout this event. The captain and 

pilot had a huge amount of responsibility to navigate the ship out of the congested 

area. The average workload level of the captain was the highest at 1.63, which was a 

moderate workload level compared to the rest of the crew members who had minimal 

workload levels. The results are summarized in Table 5. 
For stress: As shown in Table 5, the captain and pilot had the highest stress levels 

while the steersman was at 0 stress level throughout this event. The captain’s average 

stress level was 1.63, which suggests a low moderate stress level compared to the rest 

of the trainees who had a low stress level. 

Table 5. Brain states for event 1. 

  Workload Stress 

Event 1 
Activity during the 

event 
At 14s 

Average 

(1- 33 s) 
At 14s 

Average 

(1- 33 s) 

OOW 

Maintain watch-keeping 

duty and report to the 

pilot. 

0 0.27 0 0.28 

Steersman 

On the helms. Reduce 

speed of ship, navigate 

away from the 

stationary vessel. 

0 0 0 0 

Captain 
Receiving instructions 

from the pilot 
1 1.63 1 1.63 

Pilot Giving orders and 0 0.50 0 0.55 
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direction to the captain 

and OOW. 

Brain States for Event 2. For workload: The OOW reported the cruising speed of the 

nearby vessel to the pilot and captain after checking the navigation panel. From Table 

6, we can see that the workload level of the steersman and OOW appeared to be at 0 

most of the time, indicating that there is almost no workload for them. In contrast, the 

pilot and captain experienced moderate to high level of workload. At 847s, the captain 

workload level was 3, indicating that he was having a high workload level when 

receiving instructions from the captain-instructor by phone. Meanwhile, we noticed 

that the workload level of the pilot was only at a high level from 837s to 850s when 

he was giving out orders. Thus, the average workload level of the pilot was 1.286 

which was at the low to moderate workload level, while the captain had the highest 

average workload level at 2.571 among all trainees. 
For stress: The results for Event 2 are presented in Table 6. It shows that the 

steersman and OOW had almost no stress throughout this event. At 847s, the 

captain’s stress level was 3, indicating that he had high stress when receiving 

instructions from the captain-instructor. Meanwhile, it can be seen that the stress level 

of the pilot was only at a high level from 837s to 850s when he was giving out orders. 

The pilot’s average stress level obtained was 1.333, which means that he had 

moderate stress while the captain had the highest average stress level at 2.571. 

Table 6. Brain states for event 2. 

  Workload Stress 

Event 2 
Activity during the 

event 

At 

847s 

Average 

(837- 857 s) 

At 

847s 

Average 

(837- 857 s) 

OOW 

OOW identified the 

nearby ro-ro vessel and 

cruise ship speed as 6 

knots. 

0 0.048 0 0.048 

Steersman 
On standby to navigate 

the ship. 
0 0 0 0 

Captain 
Receiving instructions 

from the pilot. 
3 2.571 3 2.571 

Pilot 

Giving orders and 

direction to the captain 

and OOW. 

0 1.286 0 1.333 
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Brain States for Event 3. For workload: At 1106s, the OOW informed the captain 

and pilot about the route to be taken for overtaking the vessel ahead. From Table 7, 

the workload level was 3 for the OOW which could be due to processing the highly 

complex information to ensure safe voyage. The pilot was giving out advice to the 

captain after discussing the route to overtake the vessel. His average workload level 

remained minimal at 0.211. However, it is shown in Table 7 that the captain had the 

highest workload level compared to the rest of the crew at this particular time frame. 

The average workload level of the captain was 1.404 which is around minimal to 

moderate workload level. 

For stress: At 1106s, the OOW and captain had high stress at level 3 as shown in 

Table 7. While the pilot was giving out advice to the captain to overtake the vessel, 

his average stress level remained minimal at 0.360. Similar to the OOW, the captain 

had the highest stress level as 3 during this particular time frame. By comparing the 

average stress levels, the captain had the highest stress level at 1.404 which means 

medium stress level. 

Table 7. Brain states for event 3. 

  Workload Stress 

Event 3 
Activity during the 

event 

At 

1106s 

Average 

(1080-1136s) 

At 

1106s 

Average 

(1080-1136s) 

OOW 

OOW identified the 

nearby ro-ro vessel 

and cruise ship 

speed as 6 knots. 

3 0.351 3 0.368 

Steersman 
On standby to 

navigate the ship. 
0 0 0 0 

Captain 

Receiving 

instructions from the 

pilot. 

3 1.404 3 1.404 

Pilot 

Giving orders and 

direction to the 

captain and OOW. 

0 0.211 0 0.360 

Overall Brain States. For workload: To summarize the workload levels experienced 

by the trainees, the average workload levels are calculated throughout the entire 

experiment session. During all three events, the captain had the highest average 

workload which is 1.71 as shown in the Fig. 3. Meanwhile, the rest of the crew had 

low workload levels, 0.45 for OOW, 0.01 for steersman, and 0.82 for pilot. The 

captain had the highest workload as he was required to give out orders to the crew and 

assume responsibility for the ship. As expected, the steersman, who had the easiest 

task to perform among the trainees, experienced the lowest workload level. 

For stress: The captain and pilot had the highest average stress during the entire 

session which was 1.097 and 0.918 respectively as shown in Fig. 4. Meanwhile, the 

rest of the crew had lower stress levels, 0.493 for OOW and 0.023 for steersman. The 
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reason for higher stress is that the captain had to give orders to the crew for most of 

the time, and both the captain and pilot are in a position of higher responsibility. 

Among all trainees, the steersman had the lowest stress level at 0.023 as he just 

needed to follow the orders. 

 

Fig. 3. Overall workload level for the entire exercise. 

 

Fig. 4. Overall stress level for the entire exercise. 

6 Conclusion  

In this paper, we designed and implemented an experiment to study workload and 

stress levels of crew members when they were performing the tasks in a maritime 

virtual simulator. To improve the accuracy of the experiment data analyses we 

proposed a novel EEG-based mental workload recognition algorithm using deep 

learning and applied it to identify the workload and stress of maritime trainees. We 

designed and carried out the experiment which consists of 2 parts. EEG data from 3 

trainees were recorded in the first part that was carried out with and without the 

experienced captain. 2 out of 3 trainees showed less workload and stress when there 

was a captain to share their work. In the second part, EEG data was recorded from 4 

trainees who collaborated with each other and acted as office on watch, steersman, 

pilot, and captain.  The results show that the trainee who played the role of the captain 

experienced the highest workload and stress levels compared to the others, while the 
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steersman had the lowest workload and stress. These findings are consistent with the 

complexity levels of their roles. Both parts of the experiment support the use of EEG 

signals in monitoring the brain states of maritime trainees. In the next step of our 

project, the proposed experiment design will be implemented with real crews of 

maritime companies.  

The proposed algorithms and methods can be applied far beyond the maritime 

domain. The EEG-based human factors evaluation tools can be used for human-

machine interaction assessment in the automotive industry, air-traffic control systems, 

user interfaces, game industry, neuromarketing, etc.  
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