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Abstract: The risk of accidents while operating a drone is quite high. The most important solution is
training for drone pilots. Drone pilot training can be done in both physical and virtual environments,
but the probability of an accident is higher for pilot trainees, so the first method is to train in a
virtual environment. The purpose of this study is to develop a new system to collect data on
students’ educational development performance of students during the use of Gamified Drone
Training Simulator and objectively analyze students’ development. A multimodal recording system
that can collect simulator, keystroke, and brain activity data has been developed to analyze the
cognitive and physical activities of participants trained in the gamified drone simulator. It was
found that as the number of trials increased, participants became accustomed to the cognitive load
of visual/auditory tasks and therefore the power in the alpha and beta bands decreased. It was
observed that participants’ meditation and attention scores increased with the number of repetitions
of the educational game. It can be concluded that the number of repetitions lowers stress and anxiety
levels, increases attention, and thus enhances game performance.

Keywords: aerospace simulation; human computer interaction; data processing; educational technology

1. Introduction

The first use of Unmanned Aerial Vehicles (UAVs) was defense systems, but nowadays
it has become widespread for civilian purposes. Today, drones are used for entertainment
and media [1], search and rescue missions [2], surveillance [3], mapping [4], agriculture [5],
traffic monitoring [6] and disaster management [7]. Today, UAVs used for civilian purposes
are often called as drones. When talking about drones, ordinary people first think of
small-scale quadcopters. There are several definitions for drones, but Clarke, who defines
devices that are heavier than air, capable of continuous and reliable flight, do not carry
people and can be controlled enough to perform useful functions, tried to provide a more
comprehensive definition [8]. Drone piloting is expected to be a popular profession in
the near future, according to the 2018 report of the World Economic Forum [9]. As in all
areas where there is a human factor, there are risks of material and moral accidents during
remote drone control [8,10]. To minimize these risks, various institutions and organizations
offer many regulations and drone-pilot training. In fact, many countries require pilots
to have pilot certification for use of drones and subject their journey to various legal
restrictions [11]. Drone training can be done in both physical and virtual environments,
but pilot candidates are more likely to have an accident, so the first method is training in a
virtual environment [12].

Computer-based simulation programs are preferred for operator and pilot training
because they can minimize costly, complex, and risky real-life situations. Scenario-based
training environments allow processes to be easily changed, improved, and repeated. Many
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studies show that working in such environments has a positive effect on student learning
performance [13,14]. It is also possible to change the training scenarios used in education
to increase motivation in desired tasks and activities. The main reasons behind this high
motivation and increased pleasure are human emotions felt during games such as scoring,
gaining status, competition, puzzle solving, and social proof [15,16]. Points or ranking lists
are used to increase player motivation, improve competition between players and groups
of players, and make games more enjoyable [16].

It is called flow theory to adjust the most appropriate cognitive load by providing an
engaging experience at an optimum level in teaching environment and game designs [17].
Regarding the changes caused by video games in the brain, researchers mostly focused
on neuro-cognitive issues related to attention, visual-spatial skills, cognitive workload,
cognitive control, skill acquisition, and reward processing [18]. In an experimental study on
the relationship between game and EEG, it was concluded that increasing game experience
can provide faster learning and game designs for player performance and can be performed
with neuro measurements [19].

When the studies on the performance evaluation of simulation environments are
examined, it is seen that research methods such as meta-analysis [20], questionnaire [21,22],
content analysis [23], observation and interview [24] are used more. Meta-analysis is the
re-analysis of the results by estimating the effect size in order to obtain a general result by
examining the current study results related to the research subject in the literature [25,26].
The survey method is carried out by collecting the answers to the questions determined
about the research from the participants. This method has some difficulties, such as the
fact that the answers of the participants may vary according to their current mental state
and the participants cannot enter the research in depth. This method, which is often
criticized, is widely used to determine the characteristics and relationships of sociological
and psychological variables [27]. Content analysis method is to summarize, compare and
interpret all data in sources such as communication materials, written materials, images,
visual and audio recordings by making a diagram [28]. The observation method is the
collection and analysis of comprehensive and detailed research data from the experience
of the participants in a specific field, without time limitation [29]. The interview method
is carried out by asking questions to the participants to collect the data required for the
research and taking note of the collected data and then analyzing these data [30].

In addition to traditional methods of observing changes in the educational environ-
ment, more objective methods have gained popularity in recent years. The most popular
is the observation and understanding of variables in an educational environment with a
variety of sensors. In a study conducted in 2015, it was observed that the brain activity
of a group of students was collected simultaneously for the first time using EEG titles
and the effect of various teaching methods on attention was measured [31]. In another
study they conducted as a continuation of this study, the researchers found a relationship
between student participation and attention [32]. In a study examining the effect of colors
on the heart rhythm of students in the classroom, it was found that light colors have a
more positive effect [33]. In a different study using MRI and fMRI, the positive effect of
game-based learning on the learning process was demonstrated [34]. In another study, it
was revealed that video games increase player processing speed, hand-eye coordination,
reduce reaction time and player stress level [35]. In a study on the detection of emotion
intensities in games, it is seen that it is estimated by heart rate (HR) and facial expressions
(FE) [36]. In a study on virtual reality games, the emotional states of individuals playing
the game were examined using Electroencephalography (EEG), Galvanic skin response
(GSR), and heart rate [37]. Information about these studies is presented in Table 1.
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Table 1. Studies using bio signals in gaming and education environments.

Ref. Subject of Research The Number of
Participants

Research
Measurement Method Data Analysis Method

[32]

Determination of
correlation between
students’ attention

levels and participation
to lesson

21 Neurosky MindWave
EEG

EEG signals were processed with
the Fourier Transform method.

The processed data were analyzed
through Python and Matlab

programs. In additon, the Pearson
correlation coefficient was used to

find the relationship between
students’ attention levels and their

participation in the lesson.

[34]
Determining the effect
of game-based learning
on the learning process

42 MRI and fMRI

T-tests were used in behavioral
analysis, and multiple voxel model

analysis (MVPA) was used in
imaging analysis.

[35]

Determining the effects
of action video games
on players’ processing

speed, hand-eye
coordination, reaction

time

5 EEG

Empirical mode decomposition
was used for feature extraction

from EEG data. K-Nearest
Neighbor and Linear Discriminant

Analysis were used to classify
the data.

[36]
Estimation of emotion
intensity in different

games
12 Heart rate signals (HR),

Facial Expressions (FE)

Bidirectional long and short term
memory (Bi-LSTM) Network was
used for teaching heart rate (HR)
properties, Convolutional Neural

Networks (CNN) for teaching
facial expressions (FE), SOM-BP

Network was used to combine HR
and FE features.

[37]

Detection of emotions
from multiple

biosignals in virtual
reality game

30

Electroencephalography
(EEG), Galvanic skin

response (GSR), Heart
rate (HR)

Raw signals were standardized by
the score normalization technique.
Fast Fourier Transform technique

was used to perform spectral
analysis on the signals.

When studies examining the relationship between EEG and simulation environments
were examined, it was stated that the alpha band power gradually decreased in the explo-
rations after the first visual exploration [38]. Repetitive behaviors have been reported to
reduce stress and anxiety [39,40]. It is stated that decreasing stress and anxiety increases
attention [41].

In this study, it is aimed to investigate whether objective methods are possible to iden-
tify successful individuals during education and to create an experimental setup for this
purpose. In the study, it was aimed to provide simulator training as an objective measure-
ment method and to collect time, number of keystrokes and EEG signal data simultaneously
during training. Unlike existing empirical studies, this study is expected to provide the
following contributions to the literature with multimodal and objective applications.

• Is it possible to identify successful people in the educational environment by simulta-
neously recording and analyzing the number of keystrokes or brain signals?

• What effect does the number of training trials have on human performance?
• Is there a certain relationship in the performance and mental activities of the partici-

pants during the training repetitions in the simulator?
• Is there a relationship between performance in training trials and attention and medi-

tation metrics?
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2. Materials and Methods

The method used for the purpose of this article is depicted in Figure 1. The first task
in the study is the creation of Gamified Drone Training Simulation (GDTS). A recording
system was created that collects simulator, keyboard, and brain activity data to examine the
effect of brain signals and keyboard logs on user training performance during GDTS use.
Then GDTS and recording software was installed on the training computer. In addition
to the standard equipment of the computer where the training will be made, a mobile
electroencephalography (EEG) headset was connected to the computer to record brain
signals via Bluetooth. All data were recorded simultaneously thanks to the multi-threading
software prepared. In the last stage, the data were analyzed.
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Figure 1. General method flowchart.

2.1. Drone Simulator

CopelliaSim (V-Rep) simulator was used for gamification in the study. The track
shown in Figure 2 is designed on the simulator. The “quadricopter” mobile robot model
in the V-Rep simulator was used for drone simulation. The Python compatible version
of the Remote-API of the simulator program was used to translate control commands
received from the computer keyboard into clear commands with the simulator setting. The
simulation can be started and stopped with the Remote API, and all kinds of information in
the simulation can be collected at certain intervals. Elements in the simulator system work
in Lua language. There is an internal control command code written in Lua language for
drone flight control. This flight control code only allows the drone to control the propeller
rotation speeds and obey the given steering commands. With the commands received on the
keyboard, the quadcopter model is moved to the target point in the simulator and the drone
movement control is performed. User commands received from the keyboard are presented
in Table 2. The drone model has two cameras facing forward and downward. Separate
command keys are assigned to take photos from these cameras, as shown in Table 2.
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Table 2. Command and keys to control of drone.

Command Key

Forward W
Backward S

Left A
Right D

Up Up Arrow
Down Down Arrow

Rotate Left Q
Rotate Right E

Down Camera Photo Y
Forward Camera Photo H

Except for the drone model, doors and people can move within the track. When the
simulation starts, the doors open automatically. Three human models move at random
speed and direction within the building. Human models avoid all objects in their immediate
surroundings during their movements.

The task that the participants are asked to complete in the course is to take pictures
of the computers in the building with the sub-camera and take pictures of the occupants
with the front-facing camera. Participants saw the GDTS chambers and target’s location
prior to the mission. During the game, the participants were tasked to take photos of the
targets without hitting or dropping the drone. When the studies on games and education
were examined, it was seen that the number of game playing and training repetitions was
generally determined as 3 [42–44]. Therefore, each participant was asked to repeat the
same task 3 times during the experiments.

The simulator environment has been gamified in the study. The flow chart of the game
and the game score relationship flow chart is presented in Figure 3. At the beginning of the
game, participants were given a symbolic 1000 gold points. Each hit in the game will result
in a loss of 100 gold points. Each game replay starts with the current 1000 gold points
without any changes. Participants who completed the task with more than 800 gold points
after each track repeat were awarded 1 Colonel Badge. Each colonel badge is equivalent to
10 Turkish Lira (TL) shopping vouchers taken from the cafe where the laboratory is located.
When all replays were completed, participants who earned a total of 3 Colonel Badges
received 1 General Badge in exchange for these badges. The General badge is equivalent to
the right to shop at the cafe for 50 TL.
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2.2. Recording Software

The flowchart showing the data collection processes and interaction with the sim-
ulation environment is depicted in Figure 4. In the data collection program, the initial
triggering of the keyboard, EEG and simulator listener tasks is performed with the main
program. In the recording program, all listener tasks are run as separate threads. The
recording program listens to the simulation program at the beginning. With the start of
the simulation, the main program starts all listener threads and ends when the simulation
is finished. A timestamp is used on each recorded data. The keyboard listener records
all commands applicable to the drone. The simulator listening threads record the drone’s
3-axis position (x, y, z) and pose angles (α, β, γ) 10 times per second in the simulator.
Neurosky Mindwave Mobile headset was used as the EEG header. Raw signal, attention
and meditation metrics are taken from EEG headsets. The raw signal is sampled at 512 Hz,
and attention and meditation data are acquired at 1 Hz. Attention and meditation emo-
tion values are measurements produced by the manufacturer from the raw signal, these
measurements range from 0 to 100 [45,46].
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2.3. Analysis of Collected Data

The data collected during the use of GDTS in the study were analyzed separately
for each participant according to the order of the task. The analysis provides a timed
breakdown of the number of times a participant hit the control keys from the first to the last
task, changes in EEG signals and emotional measurements, and changes during training
sessions. Time-frequency analysis is adopted for the analysis of the raw EEG signals. For
this reason, the Short Time Fourier Transform (STFT) method was applied to a single
channel EEG signal of 1 s length, and the spectral power change amounts in the frequency
bands presented in Table 3 were analyzed for EEG signals [39,47].

Table 3. EEG frequency bands and conditions.

Type Frequency (Hz) Mental State and Conditions

Delta 0.1–3 Deep, dreamless sleep, non-REM sleep or unconscious
Theta 4–7 Intuitive, creative, recall, fantasy, imaginary, dream
Alpha 8–12 Relaxed (but not drowsy) tranquil, conscious

Beta-Low 12–15 Formerly SMR, relaxed yet focused, integrated
Beta-Middle 16–20 Thinking, aware of self and surroundings
Beta-High 21–30 Alertness, agitation
Gamma >31 Motor functions

3. Experiments and Discussion

Participants of the study were randomly selected on a voluntary basis among indi-
viduals aged 18–32. Before the experiments, the participants were informed about the
registration system and the experimental procedure, and informed consent was obtained
from the participants. The experiments were carried out in an environment free of noise
as much as possible, at room temperature, and the participants could keep their mobile
phones turned off during the experiments. In the experiments, the participants are expected
to repeat the task defined in GDTS three times. The task involves participants taking photos
of the computers in the building via the sub-camera and the occupants via the front camera.
During the training, participants were asked to take photos of the targets without causing
the drone to fall or stop. The trials were completed with each participant repeating the
same task 3 times. The information about the age, education level and game experience of
the participants was obtained. This information is presented in Table 4.
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Table 4. Participant Information.

Id Age Education Game Experience

V1 25 Bachelor Degree No
V2 32 Doctoral Degree No
V3 18 Bachelor Degree No
V4 21 Bachelor Degree Yes
V5 34 Doctoral Degree No
V6 23 Bachelor Degree Yes
V7 21 Bachelor Degree Yes
V8 34 Doctoral Degree Yes
V9 28 Bachelor Degree No

V10 30 Master Degree Yes

Game experience indicates whether the participants played games for at least 1 h
a week in the last 1 month. T-scores are presented in Figure 5 according to how long
the participants completed the course and the duration of the tour completion between
participants. The time users spend to complete the course usually decreases after each
repetition. It is the V9 that completes the course the fastest. Realizing the shortest comple-
tion time, the V9 achieved the record of 154 s on the third trail. Task Completion Times of
the participants were used for analysis. The Z-score given in Equation (1) was calculated
initially to complete the course as quickly as possible. This means higher performance.
The x value is the time for a participant to complete that round, µ is the average time
for all participants to complete that round, and σ is the standard deviation of the round
completion time for all participants. The T-score given in Equation (2) was calculated using
the Z-score. In the research findings, the T-Score value of each training repetition was
expressed as t (1), t (2) and t (3).

Z-score = (x − µ)/σ (1)

T-score = 50 + 10 × Z-score (2)
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Figure 5. Relationship between GDES average track completion time and game performance (T-Score).

The reward points that the participants earned by repeating the course and the awards
they received in return for these points are shown in Table 5. After the game, V5 earned 2
Colonel Badge points and V9 earned 3 Colonel Badge points.
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Table 5. Participants game points and rewards chart.

V1 V2 V3 V4 V5 V6 V7 V8 V9 V10

Repetition-I 100 400 400 300 800 500 200 300 900 500
Repetition-II 200 500 400 300 700 600 200 400 1000 400
Repetition-III 100 500 500 300 800 600 200 400 1000 500
Track Award - - - - 2 Colonel badges - - - 3 Colonel badges -

Provisions for Awards - - - - 20 TL - - - 1 General badge = 50 TL -

The relationship between T-score, Roundtime and KeyStroke was expressed by calcu-
lating the Pearson correlation between the means of these values (tsmean, rtmean, ksmean)
and presented in Table 6. It shows that there is a high negative correlation between T-score
and Roundtime and Keystroke values. Each replay causes a decrease in the time spent per
round in the game and a decrease in the need for keystrokes. In addition, there is a high
positive correlation between Keystroke and Roundtime values.

Table 6. Representation of the relationship between T-score, Round Time, Keystroke with
Pearson’s correlation.

Ksmean Rtmean Tsmean

ksmean 1.00
rtmean 1.00 1.00
tsmean −0.99 −1.00 1.00

The number of keystrokes of the commands given by the participants for drone control
in each training session is shown in Figure 6. It is observed that as the game performance
of the participants increases, the keystrokes decrease. This finding suggests that high-
performance players have shorter game completion times on average and require fewer
keystrokes in parallel. The minimum number of keystrokes belongs to the V5, which is 145
in the 3rd training, and the average of the V5 is 172. The average number of keystrokes of
the V9 with the highest game performance average is 166.
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EEG signals collected during the training process were analyzed for frequency bands
and changes in alpha, beta-low, beta-medium, beta-high, delta and theta bands recorded
for each repeated GDTS track training of each subject, respectively Figures 7–9, is shown in
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Figures 10–12. When the changes related to the bands are examined, it is seen that there is
a decrease in the strength of the alpha band and all beta bands in parallel with the increase
in the number of repetitions of the tracks.
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It is observed that the alpha band power of the participants who complete the task
quickly is higher than the other participants, and the participants who complete the task
slowly, on the contrary, have low alpha band power. It is seen that Beta-Low band power is
higher in V1 and V10. This shows that these participants are more relaxed and focused
than other participants. Increases in Alpha and Beta-Low bands indicate relaxation and
formerly relaxed state, respectively [47]. Accordingly, it can be inferred that V1 is not
comfortable compared to other participants, and V9 is more comfortable. In addition, it
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has been determined that the Beta-Mid and Beta-High band power of V9 and V5 with high
GDTS track performances are higher than the others.

Figures 13 and 14 show the changes in the GDTS tracks of attention and meditation
emotion measurements generated from the participants’ brain signals. These values show
that attention and meditation increase with the increase in the number of trainings in GDTS
tracks. This can be explained as the greater number of training sessions, the more focused
the participants on the game and their attention.
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The absolute values of the Pearson cross correlation coefficient for Delta, Theta, Al-
pha, Beta-Low, Beta-Mid, Beta-High and Keystroke values are shown in Figure 15. The
correlation values of Theta, Beta-Low and Keystroke values are negative, but the values in
Figure 15 are absolute values. The highest correlation among the EEG bands is the Alpha
and Beta-Mid bands with an average value of 0.69. The delta band appears to be unrelated
to score. Keystroke values appear to be highly correlated with T-score. The delta band
appears to be slightly correlated and the Theta band negatively related. In the study, it is
seen that as the number of trials increases, the subjects complete their lessons in a shorter
time and the number of keystrokes decreases slightly with the increase in the number of
trials. This can be seen because of training sessions at GDTS. It can be thought that as
the participants become more familiar with the commands, they start pressing fewer keys.
In the research, as the number of repetitions of the track increases; it is observed that the
number of keystrokes per task of the participants decreased in 70% of the participants.
The reduction in the number of keystrokes can be seen because of the participants mak-
ing fewer keystrokes as they become accustomed to commands, and the tracks in GDTS
being unchanged.
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4. Conclusions

In this study, an objective measurement system that can be used in computer aided
education systems is proposed. For this purpose, a multimodal recording system that can
simultaneously collect keyboard and brain activity data during simulator use has been
developed to analyze the cognitive and physical development of students during drone
pilot training. Using this system, it has been determined that the number of keystrokes is
generally lower in participants with high gaming performance than other participants. In
addition, it is seen that attention and meditation values are higher with alpha, beta mid
and beta high band strength. This result shows that game performance is related to the
stated characteristics and revealed that the height of attention and meditation ensures that
game performance and learning are more effective [48].

As the number of trials increased, it was observed that the alpha and beta band power
decreased, and the meditation and attention values increased as the participants got used
to the cognitive load in visual/auditory tasks. The repetition of the game reduced the
stress and anxiety levels of the participants and enabled them to play more carefully. As
a result, gaming performance has been positively affected. In addition, as the number of
track repetitions increased, the task completion time of the participants decreased. With
the increase in the number of track repetitions, it is seen that the commands given by
the participants for task completion generally decrease. This showed that participants
were more familiar with commands using GDTS, and increased game repetition was
associated with increased reaction speed, reduced stress levels, and improved hand-eye
coordination [35].

It is seen that this proposed system is an innovative system in the measurement
of physical and mental activity. In order to find the ideal number of training in future
studies, the number of participants, tasks and training should be increased. In addition, in
future studies, each track will be differentiated from each other in terms of design (such
as differentiating the objects on the track in terms of location, color and mobility) and
difficulty, and the tracks will be randomly assigned. Thus, it will be possible to evaluate
the different game experiences of the players with these differences.
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54749836-050.99-26434, date of approval: 4 September 2020).

Informed Consent Statement: Informed consent was obtained from all subjects involved in the study.

Data Availability Statement: The datasets generated during and/or analyzed during the current
study are available from the corresponding author on reasonable request.

Acknowledgments: The authors declare that there is no conflict of interests between authors. This
publication was made within the scope of the PhD Thesis of Durmuş Koç, where Zümrüt Ecevit Satı
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İstanbul, Turkey, 27–29 May 2015; Volume 2015, pp. 27–29.

32. Sezer, A.; Inel, Y.; Seçkin, A.Ç.; Uluçinar, U. The Relationship between Attention Levels and Class Participation of First-Year
Students in Classroom Teaching Departments. Int. J. Instr. 2017, 10, 55–68. [CrossRef]

33. AL-Ayash, A.; Kane, R.T.; Smith, D.; Green-Armytage, P. The influence of color on student emotion, heart rate, and performance
in learning environments. Color Res. Appl. 2016, 41, 196–205. [CrossRef]

34. Greipl, S.; Klein, E.; Lindstedt, A.; Kiili, K.; Moeller, K.; Karnath, H.-O.; Bahnmueller, J.; Bloechle, J.; Ninaus, M. When the brain
comes into play: Neurofunctional correlates of emotions and reward in game-based learning. Comput. Hum. Behav. 2021, 125,
106946. [CrossRef]

35. Chandra, S.; Sharma, G.; Salam, A.A.; Jha, D.; Mittal, A.P. Playing Action Video Games a Key to Cognitive Enhancement. Procedia
Comput. Sci. 2016, 84, 115–122. [CrossRef]

36. Du, G.; Long, S.; Yuan, H. Non-Contact Emotion Recognition Combining Heart Rate and Facial Expression for Interactive Gaming
Environments. IEEE Access 2020, 8, 11896–11906. [CrossRef]

37. Moghimi, M.; Stone, R.; Rotshtein, P. Affective Recognition in Dynamic and Interactive Virtual Environments. IEEE Trans. Affect.
Comput. 2020, 11, 45–62. [CrossRef]

38. Magosso, E.; De Crescenzio, F.; Ricci, G.; Piastra, S.; Ursino, M. EEG Alpha Power Is Modulated by Attentional Changes during
Cognitive Tasks and Virtual Reality Immersion. Comput. Intell. Neurosci. 2019, 2019, e7051079. [CrossRef]

39. Larsen, E.A. Classification of EEG Signals in a Brain-Computer Interface System. Master’s Thesis, Department of Computer and
Information Science, Norwegian University of Science and Technology, Trondheim, Norway, 2011.

40. Liu, C. Why Repetitive Tasks Are Stress Relievers. Available online: https://www.themuse.com/advice/science-says-you-
should-do-this-the-next-time-youre-stressed-out-so-now (accessed on 4 April 2021).

41. Roy, A.; Ferguson, C.J. Competitively versus cooperatively? An analysis of the effect of game play on levels of stress. Comput.
Hum. Behav. 2016, 56, 14–20. [CrossRef]

42. Souchet, A.D.; Philippe, S.; Lévêque, A.; Ober, F.; Leroy, L. Short- and long-term learning of job interview with a serious game in
virtual reality: Influence of eyestrain, stereoscopy, and apparatus. Virtual Real. 2021. [CrossRef]

43. Kristoffersen, M.B.; Franzke, A.W.; van der Sluis, C.K.; Murgia, A.; Bongers, R.M. Serious gaming to generate separated and
consistent EMG patterns in pattern-recognition prosthesis control. Biomed. Signal Process. Control 2020, 62, 102140. [CrossRef]

44. Fathima, F.N.; Johnson, A.R.; Kiran, P.R.; Ratnakumari, S.; Joseph, B. Impact of a residential rural community-based training
program for medical students on cognitive and affective domains of learning in community medicine: A mixed methods study.
Indian J. Community Med. 2021, 46, 247. [PubMed]

45. Shadiev, R.; Wu, T.-T.; Huang, Y.-M. Enhancing learning performance, attention, and meditation using a speech-to-text recognition
application: Evidence from multiple data sources. Interact. Learn. Environ. 2017, 25, 249–261. [CrossRef]

46. Maskeliunas, R.; Damasevicius, R.; Martisius, I.; Vasiljevas, M. Consumer-grade EEG devices: Are they usable for control tasks?
PeerJ 2016, 4, e1746. [CrossRef] [PubMed]

47. Quigg, M. EEG Pearls; Mosby Elsevier: Amsterdam, The Netherlands, 2006.
48. Napoli, M. Mindfulness Training for Teachers: A Pilot Program. Complement. Health Pract. Rev. 2004, 9, 31–42. [CrossRef]

http://doi.org/10.1111/1467-629X.00017
http://doi.org/10.12973/iji.2017.1024a
http://doi.org/10.1002/col.21949
http://doi.org/10.1016/j.chb.2021.106946
http://doi.org/10.1016/j.procs.2016.04.074
http://doi.org/10.1109/ACCESS.2020.2964794
http://doi.org/10.1109/TAFFC.2017.2764896
http://doi.org/10.1155/2019/7051079
https://www.themuse.com/advice/science-says-you-should-do-this-the-next-time-youre-stressed-out-so-now
https://www.themuse.com/advice/science-says-you-should-do-this-the-next-time-youre-stressed-out-so-now
http://doi.org/10.1016/j.chb.2015.11.020
http://doi.org/10.1007/s10055-021-00548-9
http://doi.org/10.1016/j.bspc.2020.102140
http://www.ncbi.nlm.nih.gov/pubmed/34321735
http://doi.org/10.1080/10494820.2016.1276079
http://doi.org/10.7717/peerj.1746
http://www.ncbi.nlm.nih.gov/pubmed/27014511
http://doi.org/10.1177/1076167503253435

	Introduction 
	Materials and Methods 
	Drone Simulator 
	Recording Software 
	Analysis of Collected Data 

	Experiments and Discussion 
	Conclusions 
	References

