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Abstract: As the automotive industry undergoes a transformative phase driven by technological advancements,

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

simulators offer a controlled environment for studying driver behavior; however, the alignment of data remains a

complex aspect that warrants 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 the data for

subsequent analysis. For this purpose, we used a recurrent neural network model, which yielded 95.21% accuracy

on testing dataset. The findings of this study indicate the plausible use of proposed methodology in practical

scenarios, providing possibility for developments in 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
intelligence are driving a significant shift in how behaviors and activities of individuals are diagnosed,
leading to more accurate health assessments and anomaly detection [1–3]. 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 [4]. These technologies aim to swiftly
and objectively assess health and identify abnormal behaviors.

The Academic Pack, facilitated by JINS MEME ES_R, enables the development of algorithms
supporting various applications such as road safety [5], human physical activity [6], cognitive activities
[7], and emotional states [8].

As advances in technology continue to revolutionize the automotive industry, the integration of
driving simulators has become an invaluable tool for research and development. These simulators
provide a controlled environment for studying driver behavior, testing vehicle systems, and assessing
the impact of various interventions [9,10]. However, the question of how well the data acquired
in these simulated settings align with real-world driving experiences remains a critical aspect that
requires thorough investigation.

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
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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 [11]. The electrooculographic sensor tracks eye movement, providing insights into
gaze behavior and cognitive load, while the accelerometer and gyroscope capture physical movements
and orientations during driving. By scrutinizing the data obtained from JINS MEME ES_R in both
real and simulated driving scenarios, we aim to uncover the nuances that differentiate these two
settings. Our work focuses on the issues posed by the difference between real-world complexity and
the controlled environment of simulators. Understanding these distinctions is essential to improve
the reliability and applicability of simulator-based research and to ensure that the insights gained in
controlled settings can be effectively translated to real-world driving conditions. Our aim is to further
our understanding of the complex interactions between real and simulated driving data by providing
useful information to the current discussion about the use of advanced technology in driving research.
The aim of identifying differentiating components is to suggest a solution that aligns the signal from
the simulator more closely with the signal obtained during actual driving.

1.1. Related Work

The proliferation of fake (generated, simulated) data has emerged as a significant impediment to
technological 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
[12–16].

In contrast to traditional information systems, the analysis of vehicle driving safety data anomalies
must contend with the diversity of data anomalies as well as the randomness and subjectivity of driver
behavior. How to integrate the characteristics of the Internet of Vehicles (IoV) data with driving
style analysis to ensure effective real-time anomaly detection has become an important issue in IoV
applications. In the work by Ding et al., the validity of data pertaining to safe driving in the IoV serves
as the foundation for improving vehicle safety [17]. Their research aims to analyze critical safety data,
taking into account the significant computational costs incurred by real-time anomaly detection of
all data in the data package. The data is processed through a cellular automata traffic model, which
has been constructed to achieve optimal anomaly detection effectiveness with limited computational
resources. Based on this model, an Anomaly Detection Algorithm (ADD) has been developed, enabling
real-time and online anomaly detection related to safe driving. Firstly, the article designs a driving
coefficient and proposes a driving style quantization model to represent individual driving style. Then,
based on the driving style and vehicle driving state information, the authors developed an algorithm
for detecting data anomalies using a Gaussian Mixture Model (GMM). Finally, in conjunction with
the scenarios of multi-vehicle cooperation in the IoV, this article utilizes real datasets and synthetic
datasets to analyze the effectiveness of the proposed ADD algorithm. To enhance the accuracy of the
real dataset, it is augmented with synthetic data.

Advancements in information processing and signal technologies have a significant impact on
autonomous driving (AD), improving driving safety while minimizing the effort of human drivers
through advanced artificial intelligence (AI) techniques [18]. Recently, deep learning (DL) approaches
have addressed several real-world complex problems. However, their strengths in AD control processes
have not been thoroughly investigated or emphasized. The review by Muhammad et al. highlights
the strength of DL architectures in terms of reliability and real-time performance, along with an
overview of the latest secure AD strategies, their key achievements, and limitations. Additionally,
the authors discuss the main applications of DL in the AD domain, including measurement, analysis,
and execution, focusing on road, lane, vehicle, pedestrian, drowsiness detection, collision avoidance,
and road sign detection using DL-based vision methods. Furthermore, the performance of several
established methods using various evaluation metrics is discussed along with criticism of their advan-
tages and drawbacks. Finally, this review emphasizes current issues related to secure DL-based AD
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with a perspective on recommendations for future research, summarizing the reference material for
newcomers and researchers wishing to join this dynamic area of Intelligent Transportation Systems. In
conclusion, Muhammad et al. noted that unless these directions are actively pursued by the research
community, DL will remain relegated to academic research and controlled trial environments, and
vehicular safety will not harness the enormous potential of this branch of Artificial Intelligence (AI).

Moreover, the evolving interest in biomedical engineering is evidenced by research highlighting
the integration of Fourth Industrial Revolution methodologies with Medical 4.0. This convergence of
cutting-edge technologies has paved the way for transformative advancements in healthcare delivery
and patient care [4,19,20]. Weak road transport asset management practices pose a challenge to the
sustainable development of transportation systems in developing countries [21]. Previous research has
primarily focused on the efficiency of road construction processes. However, few studies have assessed
the impact of the Fourth Industrial Revolution (4.0IR) on road transport assets in developing countries
like Nigeria [22]. The study by Gambo et al. aimed to evaluate the influence of 4.0IR on improving road
transport asset management practices. Survey instruments were administered to project managers
and stakeholders in the Nigerian road construction sector using a proportional random sampling
technique. Structural equation modeling with partial least squares method using Warp 7.0 software
for partial least squares structural equation modeling (PLS-SEM) was employed for data analysis. The
software computes p-values using WarpPLS based non-parametric algorithms, resampling, or stable
algorithms, thus not requiring variables to follow a normal distribution. The study found that 4.0IR
drivers currently have a moderate impact on road transport asset management practice in Nigeria. The
results suggest that road asset management in Nigeria will experience moderate improvement through
4.0IR technologies, translating into transportation, safety, and overall performance and efficiency of
road networks in Nigeria. The study identified 4.0IR drivers, including robotics, mobility, virtual
and augmented reality, Internet of Things, cloud computing, machine learning, artificial intelligence,
blockchain, three-dimensional (3D) printing drones, which are drones equipped with an attached 3D
printer (the drone suspends a 3D printing nozzle that dispenses plastic, concrete mix, or other material
from a tube attached to the top of the drone’s printing path, which is precisely laid out by software,
promising printing accuracy of 0.1 mm), and digital engineering. This study drew from government
reports and prior research in the field of road transport asset management, examining key causes of
poor practices and assessing the impact of 4.0IR on practice.

Due to the growing need of using sensors, health monitors, and similar devices in carious
research, the market of manufacturers specializing in the production of these sensors and monitors
evolves. These manufacturers are increasingly innovating their designs to enhance the accuracy
and reliability of data collection, thereby facilitating more effective health monitoring and diagnosis
[23–27]. For example in their article, Liu et al. investigated the potential of wearable devices to identify
driving-related activities and unsafe driving, without relying on information or sensors within the
vehicle. Specifically, the study examines how wrist-mounted inertial sensors, such as those found
in smartwatches and fitness monitoring devices, can monitor steering wheel usage and input data.
The identification of steering wheel usage assists mobile devices in detecting driving instances and
reducing attention distractions. Tracking steering wheel turning angles may enhance the vehicle
motion tracking by mobile devices and aid in identifying unsafe driving behaviors. This approach
is based on motion characteristics that enable the differentiation of steering actions from other hand
movements. Upon detecting steering wheel usage, it also utilizes wrist rotation measurements to infer
steering wheel turning angles. Their preliminary experiments indicate that this technique achieves a
98.9% accuracy rate in detecting driving instances and can estimate turning angles with an average
error within two degrees [28].

By leveraging advanced sensor technology and sophisticated data analysis techniques, healthcare
professionals can gain valuable insights into patient health status and detect anomalies in a timely
manner [29–32]. The primary objective of these technologies is to facilitate efficient and objective health
assessments while simultaneously identifying aberrant behaviors. According to the research conducted
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by Tsai et al., approaches utilizing physiological features for detecting abnormal driving behaviors
(ADB), including speeding, abrupt steering, sudden braking, and aggressive acceleration, are currently
being developed in Taiwan. The study proposes the use of machine learning methods involving
parameters of heart rate variability (HRV) to predict the occurrence of ADB. Fo four consecutive
days, naturalistic driving data from 12 highway bus drivers in Taiwan were collected from their daily
routes. Their driving behaviors and physiological data during the driving task were determined
using a mobile navigation application and a heart rate monitor watch. Participant-reported sleep
data, driving-related experiences, weather data from open sources, and traffic volume levels were
obtained. The authors applied five machine learning models to predict ADB—–logistic regression,
random forest, naive Bayes, support vector machine, and gated recurrent unit (GRU). The results of
the study showed, that most drivers with ADB had low sleep efficiency (≤80%), with significantly
higher scores in the subcategories of driver behavior questionnaire regarding breaks and errors, and
on the Karolinska Sleepiness Scale compared to drivers without ADB. Furthermore, HRV parameters
differed significantly between baseline measurements and measurements before ADB occurrences.
Of the algorithms used, GRU exhibited the highest accuracy (81.16-84.22%). The authors concluded,
that sleep deficit may be associated with increased fatigue levels and the occurrence of ADB predicted
based on HRV-based models among bus drivers [33].

Driving simulators have emerged as indispensable research and development tools due to their
ability to provide a safe environment for human participants. These simulators offer a controlled
setting for studying driver behavior, evaluating vehicle systems, and assessing the effectiveness of
various interventions [34–40]. In the research conducted by Amini et al., an experimental driving
simulator project was presented for testing the primary risk factors defined within the i-DREAMS
project framework [41]. The study objective was to provide a detailed description of risk scenarios for
car drivers, which have been designed for three risk factors: tailgating, illegal overtaking, collisions
with vulnerable road users (VRU), and two additional conditions: driver distraction and adverse
weather conditions. The authors designed three distinct driving scenarios: 1) a monitoring scenario
without intervention, 2) a scenario with intervention independent of the driver’s state, 3) a scenario
with intervention dependent on the driver’s state. The proposed real-time interventions aimed to
explore dynamic thresholds (thresholds with variable time), which can be adjusted based on scenario
conditions (driver distraction, weather). Such studies can only be conducted on a simulator to avoid
endangering the human participant involved in the experiment.

Understanding the nuances and discrepancies between simulated and real-world driving data
is essential for improving the reliability and applicability of simulator-based research [42–47]. In
their study, Robbins et al. investigated similarities between drivers’ visual attention at intersections
with varying demands in a simulator and on the road [48]. Unlike simpler driving tasks, crossing
intersections involves complex interactions with other vehicles, regulated by sequences of head and eye
movements that may not be accurately captured in a simulated environment. In the study, the authors
compared drivers’ visual attention in a high-fidelity driving simulator and on the road in situations
with low and moderate driving demands. The study revealed, that frequency and magnitude of drivers’
head movements did not significantly differ between maneuvers performed in the simulator and those
performed while driving on real roads. The differences occurred in more detailed measurements of eye
movements due to lower visual engagement in the simulated environment compared to the real world.
These results have important implications for driving research, suggesting that driving simulators can
be valuable tools for studying drivers’ visual attention at intersections, particularly when the driving
task has at least moderate demand. In conclusion, the broad search strategies employed by drivers in
the simulator are representative of real-world driving. [49–53].
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2. Materials and Methods

2.1. Dataset Description

The dataset used in this study comprises two distinct sets of data: recordings obtained in real-road
conditions and in simulated environment. Data were captured using JINS MEME ES_R smart glasses
(see Figure 1), which incorporate a 3-axis gyroscope, accelerometer, and a three-point electrooculogra-
phy (EOG) sensor [11]. 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 [9,54–57].

Figure 1. JINS MEME ES_R smart glasses [9]

Real-road data were collected from 30 subjects, including both experienced and inexperienced
drivers. Experienced drivers drove their own cars, while novice drivers operated a specially designated
and labeled vehicle under the guidance of an instructor. The person in the backseat was in charge of
gathering data in both situations. All drivers traveled an identical 28.7 km route, including elements
evaluated in the practical driving exam in Poland. A comprehensive description of the study group
and the experimental protocol is provided in the work of Doniec et al. [54,55].

Simulated data were recorded from 30 healthy volunteers aged between 21 and 51 using a driving
simulator. Fifteen subjects in this group had held a driver’s license for several years, while the rest
had no or limited driving experience. The components of the simulator stand included a Windows 10
computer, a steel structural framework with an adjustable chair, a set of Logitech controls (gearbox,
pedals, and steering wheel), three LED 27-inch 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. [9,57]. The tasks performed by the individual driving the simulator mirrored
those conducted in real-road conditions. Both setups are illustrated in Figure 2.

The dataset consists of 390 recordings from driving in real road conditions and 1,976 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.
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(a) Real car [54] (b) Car simulator [10]

Figure 2. Experimental setup

2.2. Data Processing

The smart glasses used provide two options (modes) for data recording: standard and full. In
the full mode, all 10 signals were captured 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 [9,54].

To standardize the data, signals recorded in full mode were upsampled to 200 Hz. Demonstrating
the beneficial use of raw data, the only processing step involved filtering the data with a low-pass
10th-order median filter. Various activities differ in performance time, but generally take longer
while driving a real car. Therefore, we 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.
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 92,911 4-channel signals, including 30,957 data samples collected on the
driving simulator (class: 0) and 61,954 data samples collected while driving on the road (class: 1).

2.3. Data Similarities

In order to check similarities between the signals in two categories we decided to perform a
cross-correlation analysis. In general, cross-correlation measures the similarity between two signals or
time series data at different time lags. In other words, cross-correlation provides an intuitive way to
measure similarity between signals by comparing them at different time shifts. The cross-correlation
function is defined as follows:

Rxy(k) = ∑
n

x(n) · y∗(n − k), (1)

where:

• Rxy(k) represents 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) [58,59].

Taking into account that the signals are 4-channeled, the correlation between two signals was
computed on corresponding channels. Comparing each signal from one category with each signal
from the other category and computing cross-correlation was performed on the signal widows and
resulted in four 30,957 x 61,954 matrices of correlation coefficients. To summarize the output and
assess the overall similarity between the two categories, we decided to take into consideration average,
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maximum, and minimum cross-correlation (see Table 1), as well as the coefficients distribution in the
form of a histogram (see Figures 3 and 4).

Table 1. Cross-correlation coefficient statistics

Channel Minimum Maximum Average

EOG_L -0.0264 1.0000 0.3460
EOG_R -0.0262 1.0000 0.4311
EOG_H -0.0420 1.0000 0.3896
EOG_V -0.0478 1.0000 0.3252

Average -0.0135 1.0000 0.3252

(a) EOG_L (b) EOG_R

(c) EOG_H (d) EOG_V

Figure 3. Distribution of cross-correlation coefficients.

Extracting the meaningful features for classification can be challenging. The analysis showed no
direct correlation between two categories of signals in the time domain, therefore we can assume that
the signal waveforms should be distinguishable. For this problem we decided to incorporate neural
networks, that can capture complex, nonlinear relationships in the data.
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Figure 4. Distribution of mean cross-correlation coefficients.

2.4. 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, configured to output the last time

step’s hidden state,
3. Fully Connected Layer with 2 neurons for classification,
4. Softmax Layer for probability distribution calculation,
5. Classification Layer for labeling.

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.

Due to the class imbalance in our dataset, we decided to initialize the class weights to give higher
importance to the underrepresented class (0) during the initial training phase, which can help the
model learn better representations for those classes. For this, we first calculated the class weights based
on the formula:

class_weighti =
N

NiC
, (2)

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 normalized 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

. (3)

Finally, we initialized the weights in the classification layer of the neural network using the calculated
normalized class weights [60].
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The presented configuration was designed to train a robust recurrent neural network for effective
classification of the provided dataset. 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: 30.

To prevent overfitting to specific train-test data partition, we employed k-fold cross-validation
technique. For that purpose, we split the data into ten subsets (folds) and performed ten model training
iterations. In each iteration, one of the subsets was held out as test data, and the remaining data were
used to train the model. Data distribution for each training iteration in the training and testing dataset
is presented in Figure 5.

(a) Training dataset

(b) Testing dataset

Figure 5. Data distribution in the datasets among training iterations.

After training, the model was evaluated on the test set. The training process is presented in Figure
6 as averaged values of accuracy and loss among iterations. Learning curves for each training iteration
can be found in the Appendix A.

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 conducted using MATLAB 2023b software. Each training iteration lasted 14 minutes 52
seconds on average.
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Figure 6. Accuracy and loss among iterations – average values from ten learning iterations.

3. Results

After completion of the model training, we evaluated its performance on the designated test
dataset in each iteration. The evaluation results are visually depicted in the form of a confusion matrix,
illustrated in Figure 7. 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 averaged values from ten training iterations ± standard deviation.

0

1

0 1

Predicted class

True class

2952±48 143±21

302±49 5884±65

Figure 7. Confusion matrix on test dataset (mean ± standard deviation).

Subsequently, we derived a set of key metrics from the confusion matrix to offer a comprehensive
evaluation of the model’s performance (see Table 2). The table contains values of common performance
metrics for each of the training iterations as well as for the averaged results. These metrics provide a
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more complex picture of how well the model distinguishes between simulated and real-road driving
conditions.

Table 2. Classification report.

Training iteration Accuracy Recall Specificity Precision F1-score

1 94.58% 95.15% 94.28% 89.45% 92.22%
2 95.25% 95.36% 95.20% 90.79% 93.01%
3 96.16% 96.38% 96.05% 92.40% 94.35%
4 95.51% 95.06% 95.75% 92.00% 93.50%
5 94.55% 95.32% 94.17% 89.10% 92.10%
6 94.96% 94.19% 95.34% 90.79% 92.45%
7 94.87% 94.99% 94.80% 90.04% 92.45%
8 95.87% 96.43% 95.59% 91.45% 93.88%
9 94.52% 94.91% 94.33% 89.18% 91.96%
10 94.82% 95.89% 94.27% 89.62% 92.65%

Average 95.21% 95.38% 95.12% 90.72% 92.99%

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 an
accuracy of over 98.6%, demonstrating its overall effectiveness in distinguishing between real-road
and simulated driving conditions. Recall is a ratio of correctly identified positive instances to the total
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 exceeding 90% 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. An over
92% F1-Score underscores the model’s robustness in achieving precision and recall simultaneously.

In summary, achieving such high metrics collectively illustrates the model’s exceptional capability
to accurately differentiate between real-road and simulated driving conditions based on the electroocu-
lography signals. These results imply a high level of confidence in the model’s reliability for practical
applications in driver state monitoring and classification tasks.

4. Discussion

In this study, we investigated methodologies for assessing and detecting driver behavior, focusing
on distinguishing datasets from real and simulated driving style experiments. To the best of our
knowledge, there are no studies performed on similar datasets, however this problem of incorporating
data acquired in simulated environment itself is covered in other research papers. The study by Yang
et al. introduces DU-drive, a framework utilizing virtual data from driving simulators to enhance
vision-based autonomous driving models. DU-drive demonstrates superior prediction performance
and interpretive capability by unifying diverse source distributions and optimizing the information
bottleneck tradeoff [61]. Such algorithms are useful for creating the most optimal simulation conditions.
Data obtained using more realistic simulators will more closely resemble data collected under real
conditions, enabling 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 [62]. Aarthi et al.
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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. The study 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 [63]. Additionally, Kaplan et al. presented a comprehensive study of
driver behavior analysis techniques, highlighting the importance of driver inattention monitoring
systems. The study emphasize the importance of inattention monitoring systems and proposing
future solutions, including car-to-car communication for safer driving [64]. Similar to our work, these
studies focus on driver behavior analysis and safety in the field of automotive industry. through the
integration of smart technology and evidence-based research methodologies.

A study by Wallace et al. introduced an initial assessment using machine learning models to
automatically evaluate driving simulation results for drivers with cognitive impairment. The results
showed an 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 physician
burden and improve the efficiency of driver safety assessments [65]. 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. 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.

5. Conclusions

In this study, we investigated the classification of driver states based on electrooculography
signals obtained from both real-road and simulated driving conditions, utilizing a recurrent 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, all surpassing 90%, underscore the model’s satisfactory performance and reliability. 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 utilization
of smart glasses and EOG signals, coupled with advanced machine learning techniques, presents a
promising avenue for real-time driver state classification.

The study bridges the gap between biomedical engineering, data analysis, and automotive
research. By incorporating principles from these diverse fields, this research offers a holistic approach
to understanding and addressing challenges in driver behavior analysis and safety assessment. By
elucidating the nuances between simulated and real-road driving experiences, this work can inform
the development of more effective training programs, vehicle systems, and safety regulations.

However, it is important to recognize the limits of the study, including dataset size, 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 in order to perform reliable tests
using driving simulators.
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Future research endeavors 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, this study’s results provide important new information about whether driving envi-
ronment classification using RNN models and EOG signals is feasible. The achieved high performance
metrics suggest the potential practicality of the proposed approach in real-world applications, opening
the door for developments in intelligent transportation systems and driver monitoring technologies.
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Abbreviations

The following abbreviations are used in this manuscript:

EOG electrooculography, electooculographic
IoV Internet of Vehicles
ADD Anomaly Detection Algorithm
GMM Gaussian Mixture Model
AD autonomous driving
DL deep learning
AI Artificial Intelligence
4.0IR Fourth Industrial Revolution
ABD abnormal driving behaviors
HRV heart rate variability
GRU gated recurrent unit
VRU vulnerable road users
RNN recurrent neural network
LSTM Long Short-Term Memory

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–A10. The graphs present the detailed description on the training process.
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Figure A1. Accuracy and loss among epochs – k = 1; training time: 13 min 13 sec; accuracy on validation
dataset: 94.58%.

Figure A2. Accuracy and loss among epochs – k = 2; training time: 13 min 2 sec; accuracy on validation
dataset: 95.25%
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Figure A3. Accuracy and loss among epochs – k = 3; training time: 13 min 2 sec; accuracy on validation
dataset: 96.16%

Figure A4. Accuracy and loss among epochs – k = 4; training time: 13 min 0 sec; accuracy on validation
dataset: 95.51%

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 24 April 2024                   doi:10.20944/preprints202404.1490.v1

https://doi.org/10.20944/preprints202404.1490.v1


16 of 22

Figure A5. Accuracy and loss among epochs – k = 5; training time: 12 min 59 sec; accuracy on validation
dataset: 94.55%

Figure A6. Accuracy and loss among epochs – k = 6; training time: 12 min 58 sec; accuracy on validation
dataset: 94.96%
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Figure A7. Accuracy and loss among epochs – k = 7; training time: 13 min 5 sec; accuracy on validation
dataset: 94.87%

Figure A8. Accuracy and loss among epochs – k = 8; training time: 13 min 0 sec; accuracy on validation
dataset: 95.87%
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Figure A9. Accuracy and loss among epochs – k = 9; training time: 13 min 1 sec; accuracy on validation
dataset: 94.52%

Figure A10. Accuracy and loss among epochs – k = 10; training time: 13 min 3 sec; accuracy on
validation dataset: 94.82%
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