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Abstract: As the automotive industry undergoes a phase of rapid transformation driven by technological

advancements, the integration of driving simulators stands out as an important tool for research and development.

The usage of such simulators offers a controlled environment for studying driver behavior; the alignment of data,

however, remains a complex aspect that warrants a thorough investigation. This research investigates driver

state classification using a dataset obtained from real-road and simulated conditions, recorded through JINS

MEME ES_R smart glasses. The data set encompasses electrooculography signals, with a focus on standardizing

and processing data for subsequent analysis. For this purpose, we used a recurrent neural network model,

which yielded a high accuracy on the testing dataset (86.5%). The findings of this study indicate that the

proposed methodology could be used in real scenarios and that it could be used for the development of intelligent

transportation systems and driver monitoring technology.

Keywords: electrooculography; driving simulation; real-world driving; data distinctions; biomedical signal

processing

1. Introduction

Advancements in technology, particularly in data analysis, machine learning, and artificial intelli-
gence, are driving a significant change in the way individual behaviors and activities are diagnosed,
leading to more accurate health assessments and anomaly detection [1–4]. The field of biomedical
engineering is witnessing growing interest, exemplified by studies such as that of Javaid et al., which
underscores the integration of Fourth Industrial Revolution techniques into Medical 4.0 for analyzing
data sourced from sensors, health monitors, and similar devices [5]. These technologies aim to quickly
and objectively assess health and identify abnormal behaviors.

The Academic Pack, provided by JINS MEME ES_R, enables the development of algorithms
supporting various applications such as road safety [6], human physical activity [7], recognition of
hunger and satiety [8], cognitive activities [9], and emotional states [10].

As advances in technology continue to revolutionize the automotive industry, the integration
of driving simulators has become an invaluable tool for research and development. The use of such
simulators offers a controlled environment for studying driver behavior, vehicle system tests, and
assessments of the impact of various interventions [11,12]. However, the question remains whether the
data obtained in these simulation settings are relevant to driving experience in the real world. There
are three main types of driving simulators based on their purpose and features:
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1. Desk-based driving simulators are simplified driving simulators that do not involve physical
motion or elaborate setups. These types of simulators are used for training and educational
purposes and focus more on cognitive aspects rather than physical feedback.

2. Traditional driving simulators that typically include a physical setup resembling a car cockpit.
They feature components such as monitors (for visual feedback), a steering wheel, pedals
(accelerator, brake, and clutch), and sometimes a gear shifter. Users interact with the simulated
environment through these physical controls that mimic real-world driving inputs. Traditional
simulators are commonly used for driver training, entertainment, and basic skill development,
as well as for research.

3. Virtual Reality (VR)-based simulators that immerse users in a virtual environment using headsets
or goggles. In this case, instead of physical controls, users manipulate the virtual world using
gestures, head movements, and handheld controllers. VR-based simulators allow users to
explore different scenarios and environments without needing a physical cockpit. These types of
simulators are usually used for entertainment purposes.

For this work, we chose a traditional driving simulator that has previously been used in driving schools
and has proven its usefulness in training novice drivers, as well as in research [13–15]. The traditional
simulator provides a realistic driving experience due to its physical fidelity. Skills learned in traditional
simulators often transfer better to real-world driving, as muscle memory and sensory cues play a
crucial role in skill acquisition [13]. According to Malone and Brünken [16] the traditional driving
simulator is as immersive as the VR-based simulator, but does not come with the risk of simulation
sickness, which is a widely researched problem when using VR headsets in general [17,18].

This article focuses on the distinction between data recorded during actual on-road driving and
simulated driving experiences, utilizing cutting-edge technology in the form of JINS MEME_R smart
glasses. Equipped with an electrooculographic (EOG) sensor, as well as a 3-axis accelerometer and
gyroscope, these smart glasses offer a unique opportunity to explore the intricacies of driver physiology
and motion patterns [19]. The electrooculographic sensor tracks eye movement, providing insight into
gaze behavior and cognitive load, while the accelerometer and gyroscope capture physical movements
and orientations during driving.

By analyzing the data acquired from JINS MEME ES_R in both real and simulated driving
scenarios, we seek to study the distinctions between these two environments. Our research addresses
the challenges arising from the disparity between real-world complexities and the controlled conditions
of simulators. Understanding these differences is crucial to improve the reliability and applicability
of simulator-based studies, ensuring that insights derived from controlled settings can be effectively
translated to real-world driving conditions. This investigation aims to deepen our understanding of
the similarities between real and simulated driving data, contributing valuable information to the
ongoing discourse on the use of advanced technologies in driving research.

2. Related Work

Spreading of fake (generated, simulated) data has emerged as a significant impediment to tech-
nological progress, particularly in the domains of big data analysis, machine learning, and artificial
intelligence. This phenomenon has precipitated a profound change in the paradigm of diagnosing
individual behaviors and actions, leading to more precise health evaluations and anomaly detection
[20–24].

Unlike traditional information systems, vehicle safety data anomalies must be assessed in com-
bination with the diversity of data anomalies, as well as the randomness and subjectivity of driver
behavior. The question of how to integrate the characteristics of the Internet of Vehicles (IoV) data into
the analysis of driving style to ensure efficient real-time anomaly detection has become an important
issue. In [25], the validity of the data related to safe driving in the IoV serves as the foundation
for improving vehicle safety. In this research, data are processed through traffic cellular automata,
designed to maximize the efficiency of anomalous detection with limited computational resources. To

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 3 July 2024                   doi:10.20944/preprints202404.1490.v2

Peer-reviewed version available at Electronics 2024, 13, 2708; doi:https://doi.org/10.3390/electronics13142708

https://doi.org/10.20944/preprints202404.1490.v2
https://doi.org/https://doi.org/10.3390/electronics13142708


3 of 25

increase the accuracy of their algorithm, the authors use both real and synthetic datasets in conjunction
with multi-vehicle cooperation scenarios.

Advances in information processing and signal technology have a significant impact on au-
tonomous driving (AD), improving driving safety and minimizing human driver efforts through
advanced artificial intelligence (AI) technology [26]. Recently, deep learning (DL) approaches have
solved several complex problems in the real world [27]. However, their strengths in the AD control
process have not been thoroughly investigated or emphasized. Muhammad et al. pointed out that DL
would remain limited to academic research and controlled testing environments unless this area of AI
is actively pursued and that vehicular safety would not take advantage of the enormous potential of
the field of Artificial Intelligence [26].

Due to the growing need to use sensors, health monitors, and similar devices in research, the
market for manufacturers that specialize in the production of these sensors and monitors evolves.
These manufacturers are increasingly innovating their designs to improve the accuracy and reliability
of data collection, facilitating more effective monitoring of human physiological state and activities
[28–32]. For example, Liu et al. explored the potential of wearable devices to identify driving activities
and unsafe driving without relying on car information or sensors. In particular, the study investigates
how inertial sensors mounted on the wrist, such as smart watches and fitness monitoring devices, can
monitor the use of steering wheels. The tracking of the steering wheel rotation angle can improve
the tracking of vehicle movement by mobile devices and help identify unsafe driving behaviors. This
approach is based on a motion characteristic that allows the steering action to be differentiated from
other hand movements. Their preliminary experiments have shown that the technology achieves a
99.9% accuracy in driving cases and can estimate rotation angles with an average error of less than
two degrees [33].

Using advanced sensor technology and data analysis techniques, healthcare professionals can
gain valuable insight into patient health status and detect anomalies in a timely manner [34–37]. The
primary objective of these technologies is to facilitate efficient and objective health assessments while
simultaneously identifying aberrant behaviors. According to Tsai et al., the development of methods
to detect abnormal driving behaviors (ADB) in Taiwan is increasingly incorporating physiological
features such as heart rate variability (HRV). The study proposes the use of machine learning techniques
to predict instances of ADB, including speeding, abrupt steering, sudden braking, and aggressive
acceleration by analyzing HRV parameters [38].

Driving simulators have become indispensable research and development tools due to their
ability to provide a safe environment. These simulators offer a controlled environment to study driver
behavior, evaluate vehicle systems, and evaluate the effectiveness of various interventions [14,15,39–
45]. In the study by Amini et al., an experimental driving simulator project was introduced to test
the main risk factors identified in the i-DREAMS project framework. The study aimed to provide
detailed descriptions of risk scenarios for drivers, focusing on three primary risk factors: collisions
with vulnerable road users (VRU), driver distraction, and adverse weather conditions. The authors
designed three different driving scenarios: 1) monitoring scenarios without intervention, 2) scenarios
without intervention, and 3) scenarios with intervention based on the driver’s state. The proposed
real-time intervention aims to explore dynamic thresholds, which can be adjusted according to scenario
conditions, such as driver distraction and weather. Conducting these studies in a simulator is essential
to avoid putting human participants at risk [46].

Understanding the nuances and discrepancies between simulated and real-world driving data is
essential to improve the reliability and applicability of simulator-based research [47–52]. Robbins et al.
studied similarities between the visual attention of the driver at various intersections in simulators and
on the road [53]. In the study, the authors compared drivers’ visual attention in high-fidelity driving
simulators and on real roads under low and moderate driving demands. They found no significant
differences in the frequency and magnitude of driver head movements between the simulator and
real-world maneuvers. However, due to the lower visual activity in the simulation environment,
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differences appeared in the detailed measurement of eye movements. These findings suggest that
driving simulators are valuable tools for studying driver visual attention, particularly at intersections,
when driving tasks are at least moderately demanding.

Although there are multiple existing studies analyzing data from driving simulators [54] and
discussing their fidelity [55], direct comparison and validation of the data, particularly with respect
to eye movement patterns, remain unexplored. Our study addresses this gap by demonstrating that
electrooculographic signals acquired during simulated driving are correlated with those recorded
during real-road driving. Furthermore, as a first step towards simulated-to-real data transformation,
we have developed a model capable of accurately classifying these data into real and simulated
environments.

3. Materials and Methods

3.1. Dataset Description

The dataset used in this study comprises two distinct sets of data: recordings obtained in real-
road conditions and in a simulated environment. Real-road data were collected from 30 subjects,
including experienced and inexperienced drivers. Experienced drivers drove their own cars, while
inexperienced drivers operated a specially designated and labeled vehicle under the guidance of an
instructor. The person in charge of gathering data in both situations was sitting in the back seat. All
drivers traveled an identical 28.7 km route, which included elements evaluated in the practical driving
exam in Poland, specifically driving through intersections (X-shaped and circular) in each direction
and parking (parallel, perpendicular and diagonal). A comprehensive description of the experimental
protocol is provided in [56,57].

The simulated data were recorded using a professional driving simulator previously used at the
driving school to train novice drivers. The components of the simulator stand included a computer
with the Microsoft Windows 10 operating system, a steel structural framework with an adjustable
chair, a set of Logitech controls (gearbox, pedals, and steering wheel), three 27-inch LED monitors
designed for extended use, and dedicated software. The experimental setup for the simulation is
extensively described in the work of Piaseczna et al. and Doniec et al. [11,58]. Data were recorded
from 30 volunteers; sixteen subjects in this group had been holding a driver’s license for several years,
while the rest had no or limited driving experience. Table 1 provides a summary description of the
study group, a detailed description is available as supplementary material (File S1).

Table 1. A summary of the study group. Driving experience was calculated only for experienced
drivers.

Age [years] Gender Driving experience [years] Experimental setup

38.7±16.8 13 F, 17 M 26.7±12.9 real car
29.5±14.3 13 F, 17 M 15.4±18.0 driving simulator

In both setups the data were captured using JINS MEME ES_R smart glasses (see Figure 1),
which incorporate a 3-axis gyroscope, accelerometer, and a three-point electrooculography (EOG)
sensor [19]. The types of data that can be recorded with these smart glasses are especially valuable in
driving-related research [53,59–61]. The selection of these glasses was based on the assumption that
they do not distract the driver and are suitable for use in a car environment [11,56–58,62]. To compare
data between real-road and simulated environments, it is ideal to use the same type of equipment to
record the data to avoid various kinds of bias. For this reason, the use of traditional driving simulator
in this research is preferred over VR-based simulators, as it does not exert an influence on the head
and face muscles, which would create a bias on the recorded signals.
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Figure 1. JINS MEME ES_R smart glasses [11]

The tasks performed by the individual driving the simulator mirrored those conducted in real-
road conditions, that is, included driving through different types of intersections and different types
of parking. In this case, each subject performed several repetitions of each activity. Both setups are
illustrated in Figure 2.

(a) Real car [56] (b) Driving simulator [12]

Figure 2. Experimental setup

The dataset consists of 390 recordings from driving in real road conditions and 1,829 recordings
from driving on the simulator. The research adhered to the principles outlined in the Declaration of
Helsinki and all participants gave their informed consent before participating in the study.

3.2. Data Processing

The smart glasses used provide two options (modes) for data recording: standard and full. In
the full mode, all 10 signals were recorded at a sampling frequency of 100 Hz. The standard mode
excludes signals from the gyroscope, recording the EOG signals at a frequency of 200 Hz. Given the
lack of significant information observed in the gyroscope and accelerometer signals during the driving
of the car simulator, and considering the feasibility of classifying the data solely on the basis of EOG,
this study focused exclusively on the EOG signal [11,56].

To standardize the data, the signals recorded in full mode were upsampled to 200 Hz. Demonstrat-
ing the beneficial use of raw data, the only processing step involved reducing high frequency signal
deflections by filtering the data with a 10th-order median filter applied for each signal channel. Various
activities differ in performance time, but generally take longer while driving a real car. Therefore, we
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decided to perform the analysis based on the signal windows. The filtered signals were segmented into
200-sample (1s) windows with a 100-sample (0.5s) stride. We have chosen such parameters so that we
preserve as much real data as possible and enable later application of the created classifier in real time.
Subsequently, labels were added to the signals: 0 for simulated driving and 1 for real-road driving,
facilitating the distinction (ground truth) between the two categories in the subsequent analysis. The
process resulted in a set of 69,512 4-channel signals, including 44,225 data samples collected on the
driving simulator (class: 0) and 25,287 data samples collected while driving on the road (class: 1).

3.3. Data Similarities

To check the similarity of signals in two categories, we first calculated general statistics for each
signal channel for each class (see Table 2). To provide a visual summary of the central tendency,
variability and outliers of the data, we generated box charts for each channel of the data (see Figure 3).

Table 2. Descriptive statistics of the dataset

Signal EOG_L EOG_R EOG_H EOG_V

Class 0 1 0 1 0 1 0 1

Minimum -2048.0 -2048.0 -2048.0 -2048.0 -2399.8 -4071.0 -2047.0 -2044.0
Median -178.5 720.9 -188.5 23.7 -9.5 159.7 150.5 -141.7

Maximum 2047.0 2047.0 2047.0 2040.5 4085.4 4095.0 2048.0 2048.0
Mean -179.9 482.3 -240.4 92.9 60.5 387.3 210.0 -287.3

St. dev. 511.7 705.0 473.2 795.1 641.3 870.7 373.9 611.3
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(a) EOG_L (b) EOG_R

(c) EOG_H (d) EOG_V

Figure 3. Graphical representation of the distribution of a dataset

The analysis reveals differences in the means of the signals between two categories. In the next
step, we confirm whether the differences are statistically significant by performing a one-way ANOVA
analysis and Scheffé’s method for multiple comparison tests. For each test, we received a high F value
and a p values = 0.

Despite the clear differences in the average values for signals belonging to different classes, their
high intra-class variance can also be observed, which makes the classification of a single data sample
not trivial. For this reason, we decided to perform an analysis to check for more specific dependencies
between the signals between the groups. For that purpose, we normalized each signal using min-max
normalization to ensure that the similarity measures reflect similarities in shape and timing between
the signals, rather than being influenced by differences in amplitude. Next, for each pair of signals on
the corresponding channels, we computed the following parameters:

• Pearson’s correlation coefficient,
• cross-correlation coefficient,
• maximum magnitude-square coherence,
• euclidean distance,

Comparing each signal from one category with each signal from the other category and computing
the aforementioned parameters was performed on the signal widows and resulted in sixteen 44,225
x 25,287 matrices. To summarize the output and evaluate the overall similarity between the two
categories, we decided to take into account the average, maximum, and minimum values of each
channel, as well as their mean value (see Tables 3, 5, 7, 9).
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Pearson’s correlation coefficient is a measure of the linear relationship between two continuous
variables. It quantifies the degree to which a change in one variable is associated with a change in
another variable. The formula for the Pearson correlation coefficient r between two variables X and Y
is following:

r = ∑(Xi − X)(Yi − Y)√
∑(Xi − X)2 ∑(Yi − Y)2

, (1)

where:

• Xi and Yi are individual data points,
• X and Y are the means of X and Y, respectively,
• ∑ denotes the summation over all data points [63].

Table 3 contains a summary of the values of the Pearson coefficients.

Table 3. Pearson correlation coefficient statistics.

Channel Minimum Maximum Average

EOG_L -0.9888 0.9637 0.0000
EOG_R -0.9757 0.9784 0.0000
EOG_H -0.9737 0.9629 0.0000
EOG_V -0.9748 0.9758 0.0000

Average -0.8504 0.8705 0.0000

The strength and direction of the linear relationship between two signals should be interpreted as
follows:

• r close to 1 indicates strong positive linear relationship. As one variable increases, the other
variable tends to increase.

• r close to -1 indicates a strong negative linear relationship. As one variable increases, the other
variable tends to decrease.

• r close to 0 indicates a weak or no linear relationship. Changes in one variable do not predict
changes in the other variable.

Table 4 shows the percentage of values for which the linear correlation coefficient r is within the
specified ranges.

Table 4. Percentage of signal pairs in specific range of linear correlation coefficient r.

Channel |r|<0.1 0.1≤|r|<0.3 0.3≤|r|<0.5 0.5≤|r|<0.7 0.7≤|r|<0.9 |r|≥0.9

EOG_L 35.1727% 46.9666% 14.8945% 2.6388% 0.3160% 0.0072%
EOG_R 34.8528% 46.9660% 15.1643% 2.7285% 0.2839% 0.0042%
EOG_H 35.0922% 47.6963% 14.7746% 2.2401% 0.1945% 0.0020%
EOG_V 35.0067% 46.9488% 15.0645% 2.6795% 0.2954% 0.0049%

Average 49.6120% 44.1441% 5.8566% 0.3754% 0.0077% 0.000%

Most signal pairs are in the range of weak linear correlation, which means that there is only a slight
linear relationship between them, i.e. changes in signal from one group are not linearly associated
with changes in the signal from another group. However, the relationship between the signals might
be non-linear.

Cross-correlation measures the similarity of two signals or time series data with different time
delays. In other words, cross-correlation provides an intuitive way of measuring the similarity of
signals by comparing them at different time shifts. The cross-correlation function is defined as follows:

Rxy(k) = ∑
n

x(n) · y∗(n − k), (2)
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where:

• Rxy(k) is the cross-correlation function,
• x(n) and y(n) are the input signals,
• y∗(n − k) is the complex conjugate of the signal y(n) shifted by k samples (time lag) [64,65].

The summary of the values of the cross-correlation coefficients is presented in Table 5.

Table 5. Cross-correlation coefficient statistics.

Channel Minimum Maximum Average

EOG_L 0.2109 0.9959 0.8111
EOG_R 0.2307 0.9995 0.8088
EOG_H 0.2281 0.9981 0.8032
EOG_V 0.2800 0.9994 0.8115

Average 0.5215 0.9716 0.8087

The value of the cross-correlation coefficient indicates the degree of similarity between two signals,
and the strength of correlation should be interpreted in the same way as in linear correlation. For this
purpose, we defined cross-correlation ranges, which are as follows:

• strong correlation: 0.7≤|r|≤1,
• moderate correlation: 0.4≤|r|<0.7,
• weak correlation: 0.1≤|r|<0.4,
• no correlation: |r|<0.1.

Given that the analysis did not show a negative correlation and the minimum correlation for signal
pairs in the data set is greater than 0.2, in Table 6 we have provided a summary of the percentages of
signal pairs for which the value of the cross-correlation coefficient r is within three of the specified
ranges.

Table 6. Percentage of signal pairs in specific range of cross-correlation coefficient r.

Channel r<0.4 0.4≤r<0.7 r≥0.7

EOG_L 0.0086% 7.6939% 92.2934%
EOG_R 0.0052% 8.4710% 91.5237%
EOG_H 0.0074% 8.9419% 91.0506%
EOG_V 0.0044% 6.8368% 93.1587%

Average 0.0000% 0.8886% 99.1073%

A strong cross-correlation suggests that the two signals have similar patterns or structures. For
example, they might exhibit similar peaks and troughs at similar times. For most pairs of signals in the
dataset, the value of the cross-correlation coefficient r was greater than 0.7, suggesting high similarity
between the two groups of signals.

Spectral coherence is a measure of the similarity between two signals in the frequency domain.
It quantifies how well the signals maintain a constant phase relationship over different frequencies.
Magnitude Squared Coherence ranges from 0 to 1, where 0 indicates no coherence (independence) and
1 indicates perfect coherence (dependence). Although coherence is usually represented as a function
of frequency, providing insights into the frequency-dependent relationship between two signals, a
single scalar value can be useful for summarizing the overall coherence between two signals; therefore,
we used a maximum value of the coherence function across all frequencies. This value indicates
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the highest degree of linear relationship between signals at any frequency. The maximum value of
magnitude squared coherence Cxy( f ) between two signals x(t) and y(t) is given by:

Cxymax = max
f

(
|Pxy( f )|2

Pxx( f )Pyy( f )

)
, (3)

where Pxy( f ) is the cross power spectral density of x(t) and y(t), Pxx( f ) is the power spectral density
of x(t), and Pyy( f ) is the power spectral density of y(t) [66]. Table 7 presents summary of maximum
magnitude-square coherence values between the two groups of signals.

Table 7. Maximum magnitude-square coherence statistics.

Channel Minimum Maximum Average

EOG_L 0.0055 0.9999 0.8368
EOG_R 0.0048 0.9999 0.8354
EOG_H 0.1272 0.9994 0.8314
EOG_V 0.1332 0.9999 0.8379

Average 0.3549 0.9933 0.8354

The higher the magnitude-square coherence value, the greater the similarity of a pair of signals
at a given frequency. In Table 8, we have shown the percentage of signals for which the maximum
magnitude-square coherence C is within specific ranges.

Table 8. Percentage of signal pairs in specific range of magnitude-square coherence value C.

Channel C<0.4 0.4≤C<0.7 C≥0.7

EOG_L 0.3161% 11.6373% 88.0426%
EOG_R 0.3014% 11.6509% 88.0476%
EOG_H 0.1611% 12.1719% 87.6668%
EOG_V 0.1346% 11.1321% 88.7332%

Average 0.0001% 5.8344% 94.1614%

For most signal pairs, the maximum magnitude-square coherence value is greater than 0.7,
suggesting a frequency match between the two signal groups.

The Euclidean distance is a measure of the "straight-line" distance between two points in Euclidean
space. When applied to signals, it quantifies the difference between two signals by treating each pair
of corresponding samples as points in a multi-dimensional space. The Euclidean distance d between
two signals x and y, each consisting of n samples, is given by:

d(x, y) =

√
n

∑
i=1

(xi − yi)2, (4)

where:

• xi and yi are the i-th samples of the signals x and y, respectively,
• n is the number of samples in each signal.

A summary of the distances between the two groups of signals is presented in Table 9.
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Table 9. Euclidean distance statistics.

Channel Minimum Maximum Average

EOG_L 0.4622 13.3734 5.6198
EOG_R 0.4777 12.8738 5.5314
EOG_H 0.7980 12.7638 5.2635
EOG_V 0.5217 13.5402 5.4781

Average 1.6050 12.4880 5.4732

For normalized signals, similarity can be defined by the Euclidean distance at the level of a few
units. Table 10 shows the percentage of signal pairs for which the Euclidean distance d is within
specific ranges.

Table 10. Euclidean distance distribution range

Channel d<4 4≤d<8 8≤d<12 d>12

EOG_L 4.5726% 90.9342% 4.4866% 0.0063%
EOG_R 5.0649% 91.4666% 3.4644% 0.0039%
EOG_H 6.7816% 92.2690% 0.9487% 0.0004%
EOG_V 5.3111% 91.4697% 3.2150% 0.0040%

Average 1.2409% 97.4667% 1.2922% 3.5869%

For most pairs of signals, the Euclidean distance d is in the range of 4 - 8, suggesting a high
similarity between the two groups of signals.

Taking into account that the signals show a high degree of similarity, extracting meaningful
features for classification can be challenging. For this problem, we decided to incorporate neural
networks that can capture complex, nonlinear relationships in the data.

3.4. Classification

The classification task was implemented using a recurrent neural network architecture using
MATLAB environment. The network comprises the following layers:

1. Sequence Input Layer with 4 features (channels), normalized using z-score normalization,
2. Bidirectional Long Short-Term Memory Layer with 100 units, in both forward and backward

directions, capturing information from the past and future, configured to output the entire
sequence,

3. Dropout Layer randomly sets a half of input units to zero at each update during training time,
which helps prevent overfitting.

4. Bidirectional Long Short-Term Memory Layer with 50 units configured to output the entire
sequence,

5. Dropout Layer,
6. Bidirectional Long Short-Term Memory Layer with 10 units, configured to output the last time

step’s hidden state,
7. Dropout Layer,
8. Fully Connected Layer with 2 neurons for classification,
9. Softmax Layer for probability distribution calculation,

10. Classification Layer for labeling using class weights to address class imbalance.

Bidirectional LSTM (Long Short-Term Memory) models are commonly used for data classification
tasks due to their ability to capture both past and future context. The bidirectional nature of LSTM
models makes them well suited for these problems, especially when dealing with sequential data,
where capturing context and long-term dependencies is essential for accurate classification [67–69].
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To avoid overfitting to specific train-test data partitions, we employed the k-fold cross-validation
technique. For that purpose, we split the data into five subsets (folds) and performed five model
training iterations. We decided to choose five folds, as it provides a good compromise between high
bias and high variance of the results [70–72].

In each iteration, we chose six subjects from each category to create a test dataset – this set was
held out to prevent the data leaks and thus to test the models performance on a completely new data.
The remaining data were used to train the model. The data distribution for each training iteration in
the training and testing dataset is presented in Figure 4.

(a) Training dataset

(b) Testing dataset

Figure 4. Data distribution in the datasets among training iterations.

We aim to keep the number of subjects in the test set equal so that the performance of the model
is as accurate as possible in different cases. Therefore, the size of each iteration varies significantly.

Due to the class imbalance in our dataset, we decided to initialize the class weights to give higher
importance to the underrepresented class (1) during the initial training phase, which can help the
model learn better representations for those classes. For this, using the training dataset, we first
calculated the class weights based on the formula:

class_weighti =
N

NiC
, (5)

where:

• N is the total number of samples in the dataset,
• Ni is the number of samples in class i,
• C is the total number of classes.

Next, we normalize the class weights so that they sum up to the total number of classes. This step
ensures that the weights collectively represent the importance of each class relative to the others. The
normalized class weight wi for each class i was calculated as follows:

wi =
class_weighti

∑C
j=1 class_weightj

. (6)
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Finally, we initialized the weights in the classification layer of the neural network using the calculated
normalized class weights [73]. Table 11 presents the class weights in each training iteration.

Table 11. Class weights among training iterations

Class k = 1 k = 2 k = 3 k = 4 k = 5

0 0.4052 0.3535 0.3684 0.3205 0.3460
1 0.5948 0.6465 0.6316 0.6498 0.6540

The training parameters were chosen based on common practices and initial testing and were set
as follows:

• Optimization algorithm: Adam,
• Mini-batch size: 1000,
• Learning rate:

– Initial learning rate: 0.001,
– Drop period: 5 epochs,
– Drop factor: 0.5,
– Schedule: Piecewise,

• Data shuffling: Every epoch,
• Sequence length: 200,
• Number of epochs: 20.

The presented configuration was designed to train a robust recurrent neural network for effective
classification of the provided dataset. Adam (Adaptive Moment Estimation) is a popular optimiza-
tion algorithm that combines the advantages of two other extensions of stochastic gradient descent:
Adaptive Gradient Algorithm (AdaGrad) and Root Mean Square Propagation (RMSProp). The data is
shuffled at the beginning of every epoch. Shuffling helps break the correlation between batches and
makes the model more robust. The learning rate controls how much the model needs to change in
response to the estimated error each time the model weights are updated. An initial value of 0.001 is a
common starting point for many problems. The learning rate is halved every five epochs to prevent
overfitting.

After training, the model was evaluated on a test set prepared previously. The training process is
presented in Figure 5. The learning curves for each training iteration as separate figures can be found
in the Appendix A.
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Figure 5. Accuracy and loss among iterations.

All operations were executed on a PC with an Intel(R) Core(TM) i5-9300H CPU operating at 2GHz,
16GB of RAM, and a single 8GB NVIDIA GeForce GTX 1650 GPU. Pre-processing and classification
tasks were performed using MATLAB 2023b software. Each training iteration lasted 19 minutes and 11
seconds on average.

4. Results

After completion of the model training, we evaluated its performance on the designated test
dataset in each iteration. The evaluation results are visually represented in the form of a confusion
matrix, illustrated in Figure 6. A confusion matrix is a tabular representation that showcases the
model’s classification performance by comparing predicted and actual labels. It provides information
on the distribution of true positive, true negative, false positive, and false negative predictions. The
matrix presents a normalized sum of all classifications.

0

1

0 1

Predicted class

True class

54.4% 9.2%

4.3% 32.1%

Figure 6. Confusion matrix on test dataset.

Subsequently, we derived a set of key metrics from the confusion matrix to provide a comprehen-
sive evaluation of the performance of the model (see Table 12). The table contains values of common
performance metrics for each of the training iterations as well as for the summary results. These
metrics provide a more complex picture of how well the model distinguishes between simulated and
real-road driving conditions on the test datasets.
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Table 12. Classification report.

Training iteration Accuracy Recall Specificity Precision F1-score

1 92.38% 92.23% 92.80% 97.27% 94.68%
2 87.87% 88.46% 86.98% 91.14% 89.78%
3 79.02% 69.27% 97.12% 97.81% 81.10%
4 84.40% 87.64% 79.81% 86.00% 86.81%
5 88.19% 90.46% 85.25% 88.83% 89.64%

Overall 86.53% 85.51% 88.31% 92.75% 88.98%

Accuracy, as the proportion of correctly classified instances among the total predictions, provides
an overall measure of the model’s correctness. The model correctly classified instances with high
accuracy for the validation protocol used, demonstrating its overall effectiveness in distinguishing
between real-road and simulated driving conditions in the new data. Recall is a ratio of correctly
identified positive instances to the total of actual positive instances, indicating the model’s ability
to capture relevant cases. The high value of recall implies that the model successfully identified a
substantial majority of actual positive instances, showcasing its sensitivity to relevant cases in both
real-road and simulated scenarios. High specificity suggests that the model effectively recognized and
classified negative instances, underscoring its ability to distinguish non-relevant cases accurately. The
precision metric that exceeds 92% indicates that the model’s positive predictions were highly accurate,
minimizing false positives in the classification of both driving conditions, despite the imbalance in the
training data. F1-score, being the harmonic mean of precision and recall, reflects a balanced trade-off
between false positives and false negatives. The F1 score over 88% indicates the robustness of the
model in achieving precision and recall simultaneously.

Overall, these high indices together demonstrate the model’s remarkable ability to distinguish
between actual driving conditions and simulated driving conditions based on electrooculographic
signals. These results demonstrate a high confidence in the reliability of the model in practical
applications for monitoring and classification of driver states.

5. Discussion

In this study, we emphasize the distinction between real and simulated driving environments. To
the best of our knowledge, there is no similar dataset study, but the problem of incorporating data
obtained from the simulation environment itself is covered in other research papers. The study by Yang
et al. introduces DU-drive, a framework that uses virtual data from driving simulators to improve
vision-based autonomous driving models. DU-drive demonstrates superior prediction performance
and interpretive capability by unifying diverse source distributions and optimizing the information
bottleneck trade-off [74]. Such algorithms are useful in creating the most optimal simulation conditions.
Data obtained using more realistic simulators will more closely resemble the data collected under real
conditions, enabling the subsequent direct translation of results.

Karrouchi et al. highlighted the importance of assessing multiple driving-related parameters, such
as engine speed, vehicle speed, and steering wheel angle, to determine driver behavior, with particular
emphasis on the distinction between normal and aggressive driving patterns. The integration of
facial analysis for fatigue detection achieved an impressive average accuracy of 99.1%, demonstrating
the effectiveness of the proposed method in recognizing the driver’s condition [75]. Aarthi et al.
proposed a real-time eye detection and tracking system based on a discrete computer vision model
to solve the problem of driver drowsiness. By focusing on eye tracking as an essential technology in
driver assistance systems, the study contributes to ongoing efforts to improve safety in the automotive
industry [76]. The authors acknowledged the limitations of existing eye monitoring systems, in
particular their sensitivity to changes in light sources, and presented a method that performs effectively
in a variety of lighting conditions [77]. In addition, Kaplan et al. presented a comprehensive study
of driver behavior analysis techniques, highlighting the importance of driver inattention monitoring
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systems. The study emphasizes the importance of inattention monitoring systems and proposes future
solutions, including car-to-car communication for safer driving [78]. Similarly to our work, these
studies focus on driver behavior analysis and safety in the automotive industry, through the integration
of smart technology and evidence-based research methodologies [79].

Wallace et al. introduced an initial assessment using machine learning models to automatically
evaluate the results of the driving simulation for drivers with cognitive impairment. The results
showed a 85% accuracy rate in classifying simulator drives as safe or unsafe compared to expert
opinions. This suggests the potential of automated driver simulation assessments to reduce the
physician burden and improve the efficiency of driver safety assessments [80]. Compared to this study,
our model achieves better classification results.

Taken together, the various studies discussed information about driving behavior, including
factors such as cognitive status, gender, distraction detection, and sleep assessment [81]. These insights
are key to developing advanced driver assistance systems and policies to improve road safety. Future
research efforts should continue to focus on innovative methodologies and interdisciplinary approaches
to comprehensively address the complexity of driving behavior in diverse populations. However, the
question of the research environment here remains debatable. Work should be undertaken to create
suitable and safe simulation environments, as well as algorithms that enable data transformation to
improve the reliability of data collected using simulators.

The body of research on immersive simulated environments underscores their profound impact
on human behavior and perception. Slater and Sanchez-Vives highlight the concept of presence,
demonstrating that immersive virtual reality (VR) systems can create a strong sense of being in an
alternate place, which has significant implications for psychological experiences and applications [82].
Freeman et al. extend this understanding to mental health, showing that immersive environments
can effectively replicate real-world scenarios for therapeutic purposes, influencing perceptions and
behaviors beneficially in treatment settings [83]. Cummings and Bailenson provide a meta-analytic
perspective, revealing that higher levels of immersion correlate with increased user presence, which in
turn affects emotional and behavioral responses. This relationship is crucial for designing VR systems
that maximize user engagement and efficacy [84]. Ahn, Bailenson, and Park explore the long-term
behavioral effects of VR, particularly in the context of environmental conservation. Their findings
suggest that immersive experiences can lead to lasting changes in real-world behavior, highlighting
the powerful role of VR in influencing attitudes and actions [85]. Diemer et al. further delve into
the emotional impact of immersive VR, summarizing how presence in virtual environments can
evoke strong emotional reactions, which are critical for applications in psychology and therapy [86].
Collectively, these studies illustrate that immersive simulated environments significantly affect human
behavior, perception, and emotional responses. This research highlights the importance of designing
immersive experiences that accurately reflect real-world conditions to ensure their effectiveness
and reliability in various applications, from driver training and safety assessments to therapeutic
interventions and educational programs. Understanding the psychological effects of immersion is
essential to harness the full potential of VR and other immersive technologies in both research and
practical applications.

Distinguishing the data obtained from real-road driving and simulated driving helps verify
whether driving simulators accurately replicate real-world driving conditions. If the data from
simulations align closely with the real-road data, it indicates that the simulator provides a valid
and reliable environment for testing and research. Identifying discrepancies allows for targeted
improvements in simulator technology, enhancing their fidelity, and making them more representative
of actual driving experiences.

6. Conclusions

We investigated the classification of driver states (driving environment) based on electrooculog-
raphy signals obtained from both real-road and simulated driving conditions, utilizing a recurrent
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neural network model. The robustness of the model was demonstrated through a training process and
subsequent evaluation on a test dataset. The results indicate the model’s proficiency in distinguishing
between real-road and simulated driving scenarios. The high accuracy, recall, specificity, precision and
F1-score signify the satisfactory performance and reliability of the model. It should be noted that such
parameters were achieved for data completely new to the model. These results imply that the designed
RNN architecture can efficiently classify the data with a high degree of precision. The findings of this
research extend to the realm of intelligent transportation systems, where accurate monitoring of driver
states is crucial to improving safety and efficiency. The use of smart glasses, coupled with machine
learning techniques, presents a promising avenue for real-time driver state classification. The insights
gained from analyzing the differences in driver behavior and physiological responses between these
two environments are crucial for several reasons. Importantly, the utilization of our algorithm does
not require substantial computational power due to its simplicity and reliability. This allows practical
implementation without the need for high-performance computing resources.

First, understanding these distinctions is vital because individuals often exhibit different behaviors
in simulated environments compared to real-world conditions. Simulations, while valuable for
controlled experimentation and training, can sometimes lead to a sense of detachment or altered risk
perception among participants. This phenomenon can result in data that do not accurately reflect
real-world driving behaviors and conditions. By comparing real and simulated data, we can ensure
that the insights derived from simulator studies are genuinely applicable to real-world scenarios, thus
enhancing the validity and reliability of such research.

Second, in an era where artificial intelligence (AI) is increasingly capable of generating synthetic
data, it becomes imperative to verify the authenticity of the data being used for research and develop-
ment. The ability to distinguish real data from simulated or AI-generated data helps to maintain the
integrity of research findings and technological developments. It ensures that decisions based on these
data are grounded in actual human behavior and real-world conditions, rather than potentially flawed
or misleading simulations.

Our study emphasizes the need for rigorous data validation processes in both simulated and
real-world contexts. In doing so, we can bridge the gap between controlled experimental settings and
the complex and unpredictable nature of real-world driving. In particular, our study involved different
individuals, eliminating the potential impact of personalization factors, and yet we observed many
similarities in the data, suggesting the potential to use driving simulators as effective and reliable tools
for studying human behavior in real-world driving scenarios, especially including physiological data.
However, it is important to recognize the limitations of the study, including the size of the dataset,
potential biases, and the specific characteristics of the driving scenarios considered. The research also
indicates that, after adequate training, the suggested neural network can differentiate between two
environments. Since the simulated environment does not precisely replicate the real one, it becomes
imperative to either further transform the data or adjust the relevant conditions to perform reliable
tests using driving simulators.

Future research efforts may focus on more extensive datasets, diverse driving environments, and
additional features to further enhance the model’s robustness and applicability. We also plan to create
a model that will enable the transformation (translation) of data acquired using the simulator into real
data. This procedure will make it possible to acquire data in a safe and regulated environment without
generating danger on the road and to better use these data in driving research.

In conclusion, the ability to accurately distinguish between real and simulated driving data is
essential for advancing automotive research, enhancing driver training, and ensuring the reliability
of safety assessments. As technology continues to evolve, maintaining a clear understanding of the
differences between simulated and real-world data will be crucial to leveraging the full potential of
both environments in the search for safer and more efficient transportation systems.

Supplementary Materials: The following supporting information can be downloaded at: Preprints.org. File S1:
Study group information.
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Appendix A. Learning Process

This section provides visualizations of the training process in each iteration of k-fold cross-
validation technique. The learning curves (accuracy and loss) for each training iteration are depicted
in Figures A1 — A5. The graphs present the detailed description on the training process.

Figure A1. Accuracy and loss among epochs – k = 1; training time: 18 min 17 sec; accuracy on validation
dataset: 92.3818%.
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Figure A2. Accuracy and loss among epochs – k = 2; training time: 19 min 5 sec; accuracy on validation
dataset: 87.8709%

Figure A3. Accuracy and loss among epochs – k = 3; training time: 18 min 19 sec; accuracy on validation
dataset: 79.0243%
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Figure A4. Accuracy and loss among epochs – k = 4; training time: 19 min 38 sec; accuracy on validation
dataset: 84.3988%

Figure A5. Accuracy and loss among epochs – k = 5; training time: 20 min 34 sec; accuracy on validation
dataset: 88.1874%
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