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Development of Drowsy Driving Detection System Using EEG

Ssang-Hee Seo

Abstract: Drowsy driving is a major contributor to serious traffic accidents, highlighting the urgent need for effective real-time detection systems. This study proposes a real-time
drowsiness detection system based on electroencephalogram (EEG) signals and a lightweight convolutional neural network (CNN). The system comprises five main components:
EEG signal acquisition, preprocessing, feature extraction, CNN-based classification, and user feedback delivery via an Android application. The experiment involved four healthy
adult male participants with an average age of 24.5 years. EEG data were collected using the DSI-24 device, and the relative power in the alpha band from the prefrontal (Fp1,
Fp2) and occipital (O1, O2) regions was identified as the primary feature for distinguishing drowsiness. The proposed CNN model, trained on these features, achieved a
classification accuracy of 91.56%, comparable to the 92.66% accuracy of the more complex AlexNet model, while being significantly more lightweight and suitable for real-time
deployment on embedded systems. The Android application provides real-time feedback on the user’s drowsiness level and recommends nearby rest areas to help mitigate the
risk of drowsy driving. This study presents a practical and efficient EEG-based driver monitoring solution. Future work will focus on large-scale data collection under actual driving

conditions to further validate and improve the system’s performance.
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1 INTRODUCTION

Vehicles are among the most common means of
transportation in daily life, and drowsy driving is one of the
leading causes of traffic accidents. According to the 2024
traffic accident statistics published by the Korean National
Police Agency, a total of 10,767 accidents caused by drowsy
driving occurred over the five-year period from 2019 to 2023,
averaging 5.9 incidents per day. During the same period,
drowsy driving resulted in 316 fatalities—equivalent to
approximately 2.9 deaths per 100 accidents—which is nearly
twice the fatality rate of drunk driving-related accidents
during the same timeframe. Notably, vehicles used for
business purposes on highways have been found to be
especially vulnerable to drowsy driving. Despite efforts such
as expanding safety facilities, broadcasting public service
announcements, and conducting awareness campaigns, little
measurable improvement has been observed in preventing
drowsy driving accidents [1].

Drowsiness represents a transitional state between
wakefulness and sleep. In this state, drivers experience
reduced attention, significantly delayed reaction times, and
impaired judgment, making it difficult to maintain proper
head posture and orientation [2, 3]. Common signs of
drowsiness include frequent eye closures and repeated
yawning. These observable behaviors can be used to deliver
early warnings to drivers and help prevent potential
accidents. In recent years, driver drowsiness detection
technologies have received increasing research attention [4-
9]. These studies can be broadly classified into four
categories: (1) image-based approaches that use cameras to
analyze facial expressions and driver behavior; (2) biosignal-
based approaches that rely on physiological signals measured
via wearable sensors; (3) vehicle-based approaches that
monitor driving patterns and vehicle behavior; and (4) hybrid
approaches that combine multiple modalities. Among these,
biosignal-based methods have demonstrated superior
performance in drowsiness detection compared to image-

based methods [10].

In this context, a variety of biosignals—including EEG,
ECG, EMG, and EOG—have been utilized for drowsiness
detection [11-13], with EEG-based techniques being
especially prominent due to their high temporal resolution
[14, 15]. In recent years, the analysis of biosignals has gained
substantial interest in the fields of driver monitoring and
human-computer interaction. As the complexity and volume
of physiological data continue to grow, deep learning models
have emerged as effective tools for robust feature extraction
and signal classification. Architectures such as Recurrent
Neural Networks (RNN), Long Short-Term Memory
networks (LSTM), Autoencoders (AE), and Convolutional
Neural Networks (CNN) have shown strong performance in
noise filtering, time-series signal processing, and biomedical
signal classification tasks [16, 17].

Among these models, CNNs have been particularly
successful in anomaly detection due to their ability to achieve
high classification accuracy and automatically learn
discriminative features from raw data [18]. Recent studies
applying CNNs to EEG-based drowsiness detection have
reported encouraging outcomes [19, 20]. Given that EEG
signals are time-series data that are often high-dimensional
and noisy, traditional feature engineering techniques are
frequently inadequate. CNNSs, in contrast, are well-suited for
handling such unstructured signals, as they excel at
extracting local spatial and frequency-domain features.
Moreover, CNNs eliminate the need for manual feature
design by automatically learning relevant patterns from the
data. Based on these strengths, we propose a lightweight
CNN model designed for real-time -classification of
drowsiness and wakefulness states using EEG signals
collected with the DSI-24 device. The proposed model is
optimized for computational efficiency, making it well-
suited for real-time deployment in embedded systems, such
as in-vehicle driver monitoring applications.

The primary objective of this study is to implement a
system capable of detecting the driver’s drowsiness state in
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real time and providing immediate feedback to the user,
thereby aiming to prevent traffic accidents caused by
drowsiness. To achieve this, we propose a lightweight CNN
model that classifies drowsiness by extracting relevant
features from EEG signals. In addition, the system offers
real-time feedback to the user by issuing auditory warnings
and displaying nearby rest areas, making it applicable to
actual driving environments. The remainder of this paper is
organized as follows. Section 2 describes the data collection
process, EEG signal preprocessing, feature extraction
methods, and the architecture of the Android application used
for user interaction. Section 3 presents the performance
evaluation of the proposed model along with experimental
results. Finally, Section 4 concludes the study with a
summary of the findings and outlines directions for future
research.

2 MATERIALS AND METHODS

We implemented a real-time drowsiness detection
system based on EEG signals that provides immediate
feedback to the user. The system is broadly divided into two
main components: the user system and the server system. The
user system comprises (1) an EEG device that collects
brainwave signals from the user and (2) an Android
application that provides real-time notifications of the user's
drowsiness state. The server system includes (1) a
preprocessing module that filters and processes the collected
EEG signals in real time to extract relevant features and (2) a
CNN model that classifies the user’s drowsiness state based
on these features. Fig. 1 illustrates the overall architecture of
the proposed drowsy driving detection system.
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Figure 1 Structure of the proposed drowsy detection system

2.1 Data Acquisition

In this study, EEG data were collected using the DSI-24
device from Wearable Sensing. The DSI-24 is a wireless dry-
electrode EEG headset designed for the rapid deployment of
21 sensors positioned according to the international 10-20
system. It includes 19 electrodes covering the scalp, 2 ear clip
sensors, and 3 auxiliary inputs for the acquisition of up to
three additional biosignals. The device supports Bluetooth
wireless transmission and samples signals at a rate of 300 Hz.
Fig. 2 illustrates the international standard 10-20 electrode
placement system. The experiment involved four healthy
adult male participants with an average age of 24.5 years.
Prior to participation, all subjects were informed of the
experimental procedures and precautions and provided
written consent. EEG data were collected in a room isolated
from light and noise to ensure a comfortable environment for
the participants. Additionally, a camera was installed to
record facial expression changes associated with drowsy
during the session. The experimental procedure was as
follows: (1) The participant wore the EEG device and was
seated in a stationary position. (2) The participant viewed a
pre-recorded video of highway driving. During this time,
EEG signals were recorded simultaneously with video

footage of the participant’s facial expressions. The driving
video lasted approximately 20 minutes. (3) Based on the
recorded EEG data and facial footage, specific segments of
EEG signals were classified into drowsy and wakeful states.

Nagion

Inion
Figure 2 International 10-20 electrode system
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2.2 EEG Signal Processing

During the EEG data collection, various types of noise—
such as muscle movements, eye blinks, and electrical
interference—can contaminate the signals. Given the low
amplitude of EEG signals, such noise can significantly
degrade signal quality. Therefore, a preprocessing step to
remove noise from the recorded EEG data is essential. In this
study, a band-pass filter was applied to retain only the
frequencies within the 0-50 Hz range. Additionally,
Independent Component Analysis (ICA), a widely used
method for EEG denoising [21, 22], was employed to remove
artifacts. Following preprocessing, the EEG signals were
transformed from the time domain to the frequency domain
using the Fast Fourier Transform (FFT). As shown in Tab. 1,
the processed signals were then segmented into five spectral
frequency bands. EEG activity is typically divided into Delta,
Theta, Alpha, Beta, and Gamma bands, each associated with
different cognitive and physiological states [23].

Table 1 Characteristics of EEG frequency bands

Brainwaves Description Frequency
Interval

Delta Refers to consciousness and sleep states 0.5t0 4 Hz
Theta Refers to the half-sleep 4to7Hz

Alpha Refers to waking state 8to 13 Hz

Beta Refers to alert state 13t0 30 Hz

Gamma Refers to hyper-vigilance state 30 to 50 Hz

Absolute and relative power spectrum analyses were
conducted on the Theta and Alpha frequency bands, which
are known to be closely associated with drowsiness. The
power of each frequency component was calculated as the
square of the magnitude of the complex-valued signal
obtained via the Fourier Transform. Eq. (1) represents the
Fast Fourier Transform (FFT), Eq. (2) denotes the Inverse
Fast Fourier Transform (IFFT), and Eq. (3) defines the
computation of total power.

vl —j2mkn
H(f,)= e NV =H,, (1)

1 N —27tkn
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Here, & denotes a discrete signal sequence with a sample
size of N. Absolute band power refers to the power value of
the power spectrum within a specific frequency band for each
channel. In contrast, relative band power represents the
proportion of power within a specific frequency band relative
to the total power across the entire frequency range in each
channel.

In this study, a Python-based program was developed to
extract relevant features. The process involved preprocessing
the raw EEG data—including noise removal—followed by

applying the Fast Fourier Transform (FFT). The resulting
frequency-domain data served as input, and the program
outputted the relative power differences between drowsy and
wakefulness states for each EEG channel, identifying those
with the most significant variations.

2.3 EEG Analysis Tool

In this study, OpenViBE was utilized as a real-time EEG
signal analysis platform. OpenViBE is a software framework
designed for building and testing brain—computer interface
(BCI) systems, enabling real-time acquisition, filtering,
processing, classification, and visualization of brain signals.
The OpenViBE platform operated on the server side and was
responsible for EEG signal processing and data transmission.
The OpenViBE Acquisition Server was employed to receive
EEG data from the DSI-24 device via Bluetooth
communication. Additionally, the OpenViBE Designer was
configured to perform preprocessing and feature extraction
on the incoming EEG signals. After preprocessing and
feature extraction, the Lab Streaming Layer (LSL) protocol
was used to transmit the extracted EEG features to a Flask-
based server. The Flask server then forwarded the incoming
feature data to the deep learning classification module.

N

Figure 3 Structure of flask server
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Fig. 3 illustrates the architecture of the Flask server, and
Fig. 4 presents the structure of the OpenViBE Designer
workflow for EEG feature extraction. In the Channel Selector

88

TECHNICAL JOURNAL 20, 1(2026), 86-93



Ssang-Hee Seo: Development of Drowsy Driving Detection System Using EEG

stage, channels 10, 11, 14, and 15—corresponding to Fpl,
Fp2, O1, and O2—were selected based on their known
relevance to drowsiness detection. In the Spectrum Analysis
stage, the relative power of both the full frequency band and
the Alpha band was calculated. In the Python Scripting stage,
matrix-type data from the previous step was converted into a
signal format suitable for transmission. Finally, the processed
signals were sent to the server using LSL communication.

2.4 Proposed CNN Model

Recently, Convolutional Neural Network (CNN) models
have demonstrated outstanding performance the fields of
computer vision and natural language processing, which has
led to their application in EEG signal classification. Notably,
Chaabene [19] and Zhu [20] applied CNNs to EEG-based

e

drowsiness detection and reported promising results.
Building on these advances, this study proposes a lightweight
yet high-performance CNN model for real-time drowsiness
detection. The collected EEG signals were labeled with 1 for
drowsy and 0 for wakeful states, and a total of 36,987 labeled
samples were compiled in CSV format to form the dataset.
This dataset was divided into training (80%) and testing
(20%) subsets for model development and evaluation. The
trained CNN model was saved in H5 format and is invoked
by the Flask server during runtime for real-time inference.
The proposed CNN architecture consists of three
convolutional layers followed by two fully connected layers.
The model was trained using a dropout rate of 0.5, a batch
size of 64, and 50 training epochs. The overall architecture of
the proposed CNN model is illustrated in Fig. 5, and the
detailed layer-wise structure is summarized in Tab. 2.
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Figure 5 Proposed CNN model structure
Table 2 Summary of proposed CNN model structure
Layer Type Parameters Activation function Notes
Conv2D #1 32 filters, 3%3 Kernel ReLu Input layer
MaxPooling2D #1 2x2 pool size - Dimension reduction
Conv2D #2 64 filters, 3x3 Kernel ReLu Mid-level feature extraction
MaxPooling2D #2 2x2 pool size -
Conv2D #3 128 filters, 3x3 Kernel ReLu High-level feature learning
Flatten - - Converts 2D to 1D
Dense #1 128 units ReLu Dropout 0.5
BatchNorm - - Normalization
Dense #2 64 units ReLu Dropout 0.5
Output 2 units Softmax Binary classification output

2.5 Drowsy Detection Application

The Android application developed in this study is
designed to help prevent drowsy driving by providing real-
time feedback to users regarding their drowsiness or
wakefulness status, based on EEG data. Fig. 6 presents the
overall architecture of the Android application. The app
communicates with the server via HTTP, transmitting EEG
data once per second. When the user is in a wakeful state, the
application displays a real-time EEG graph along with a
message indicating wakefulness. The background color of
the interface is green, and a smiling emoticon is shown to
convey a sense of safety and wakefulness. Conversely, when
drowsiness is detected, the application presents the EEG
graph along with a warning message indicating the drowsy

state. The background color changes to red, and an audible
alarm is triggered for three seconds to help awaken the driver.
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Figure 6 Structure of the drowsiness prevention app
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Additionally, the application includes a user-interactive
feature: by clicking a designated button, users can access
Google Maps to view a list of nearby rest areas based on their
current GPS location. Fig. 7 displays the interface in the
wakefulness state, while Fig. 8 shows the interface during a
detected drowsy state.
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Figure 8 Drowsiness status screen

3 RESULTS AND DISCUSSION
3.1 EEG Feature Extraction Results

Timely detection of driver drowsiness is crucial, as even

0.4

brief lapses can result in serious accidents. Extracting EEG-
based features associated with drowsiness is a key factor in
enhancing the system’s processing speed and classification
accuracy. In this study, feature extraction for real-time
drowsiness detection was approached from two perspectives:
(1) identifying the minimal and most effective EEG channel
locations associated with drowsiness, and (2) determining the
optimal frequency bands that reflect drowsiness-related brain
activity. To achieve this, alpha relative power values were
calculated from EEG signals recorded across 23 channels,
referencing prior studies on EEG-based drowsiness detection
[24]. Channels showing the greatest differences in alpha
power between wakefulness and drowsy states were
identified. Fig. 9 presents the relative alpha power
distributions during wakeful and drowsy states across all
channels. This analysis was conducted for four participants,
and the figure illustrates the results for a representative
subject. The y-axis displays relative power as a normalized
ratio ranging from 0 to 1. Across all four participants, the
most significant deviations in alpha relative power occurred
in the prefrontal (Fpl, Fp2) and occipital (O1, O2) regions,
indicating that these areas are highly correlated with
drowsiness, particularly the prefrontal cortex. Subsequently,
EEG data from these four channels (Fp1, Fp2, O1, O2) were
further analyzed using both absolute and relative power
spectrum analysis across three frequency bands associated
with drowsiness: Theta (4-8 Hz), Alpha (8—13 Hz), and
Theta-Alpha (5-9 Hz). The results of this analysis are
summarized in Tab. 3. The table shows that both absolute and
relative power values for the Theta, Alpha, and Theta-Alpha
bands exhibited significant differences between wakeful and
drowsy states. Since absolute power values can vary across
individuals due to biological differences such as scalp and
skull thickness, relative power was chosen as the more stable
feature metric. Moreover, across all participants, the relative
alpha power provided more consistent differentiation
between wakefulness and drowsiness than the Theta-Alpha
band. Based on these findings, this study selected the relative
alpha power values at Fpl, Fp2, Ol, and O2 as the primary
features for EEG-based drowsiness detection.
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Figure 9 Comparison of alpha relative power values across all EEG channels during wakeful and drowsy states
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Table 3 Absolute and relative power values in Theta, Alpha, and Theta-Alpha bands at Fp1, Fp2, O1, and O2 channels

Frequency (Hz) Power spectrum Status Fpl Fp2 0Ol 02

Absolute power Wakefqlness 0.324871 0.390573 0.882764 0.218468

Theta (4-8 Hz) Drowsiness 0.742031 0.793544 0.878072 0.494796
Relative power Wakefqlness 0.006001 0.004885 0.014480 0.005602

Drowsiness 0.009713 0.009572 0.011727 0.007571

Absolute power Wakefu_lness 0.647676 0.784580 1.633170 0.421939

Theta-Alpha (5-9 Hz) Drowsiness 8.818757 9.216807 4.818486 2.443815
Relative power Wakefulness 0.011965 0.009812 0.026790 0.010819

Drowsiness 0.115440 0.111174 0.064354 0.037393

Absolute power Wakefqlness 4.654174 5.297472 5.820197 2.817909

Alpha (8-13 Hz) Drowsiness 29.108761 31.083387 24.67349 12.845421
Relative power Wakefulness 0.085978 0.066253 0.095472 0.0722254

Drowsiness 0.381043 0.374931 0.329530 0.196548

3.2 EEG Classification Results Based on CNN

A CNN model for drowsiness detection was designed
using the Python-based Scikit-learn library, which is widely
utilized for machine learning analysis. To evaluate the
model's performance, both raw EEG data and feature-
extracted data were used as input. The performance of the
model was assessed using four common evaluation metrics:
recall, precision, Fl-score, and accuracy, each defined by

Egs. (4)-(7).

Recall = L, 4
TP+ FN
TP
Precision = —————, 5)
TP+ FP
L
Fl—score 2 x Precision x Recall , ©)
Precision + Recall
Accuracy = IP+1N ) (7
TP+TN + FP+ FN

TP: True Positive, TN: True Negative, F/P: False Positive,
FN: False Negative.

The classification_report function from the Scikit-learn
metrics module was employed to compute these performance
metrics. Tab. 4 presents the evaluation results of the proposed
CNN model using the feature-extracted data, demonstrating
a classification accuracy of approximately 91.56%. In Tab.
4, Support refers to the number of actual instances for each
class; Weighted avg is the average weighted by the number
of instances in each class; and Macro avg is the unweighted
average, giving equal importance to each class. To further
assess the classification capability of the proposed model, a
confusion matrix was generated. As shown in Fig. 10, the
confusion matrix revealed 455 true negatives and 1,048 true
positives, confirming the model’s robust performance with
an overall accuracy of 91.56%. These results indicate that the
proposed CNN model is both lightweight and accurate.

To validate its effectiveness of the proposed model, a
comparative analysis was conducted against the well-
established AlexNet architecture [25], using the same
dataset. The proposed CNN model was specifically designed
as a lightweight and efficient alternative to conventional deep
learning models such as AlexNet, which was originally
introduced in 2012 and achieved state-of-the-art performance
in the ImageNet Large Scale Visual Recognition Challenge.
While AlexNet consists of five convolutional layers with a

high number of filters (up to 384), three fully connected
layers with 4,096 units each, and more than 60 million
trainable parameters, the proposed model significantly
reduces computational complexity through a shallower and
more compact structure. Specifically, the proposed model
comprises three convolutional layers with 32, 64, and 128
filters, each using 3x3 kernels. These are followed by two
fully connected layers with 128 and 64 units, respectively,
and a final output layer with two neurons for binary
classification. Dropout regularization (rate = 0.5) is applied
to both dense layers to mitigate overfitting, and batch
normalization is employed to stabilize the training process.
Compared to AlexNet, the total number of parameters is
drastically reduced, making the model suitable for training
and deployment in resource-constrained environments such
as mobile or embedded systems.

Table 4 Classification performance of proposed CNN model

Precision Recall Fl-score Support
0 0.85 0.87 0.86 523
1 0.94 0.93 0.93 1127
Accuracy 0.91 1650
Macro avg 0.89 0.90 0.90 16540
Weighted avg 0.91 0.91 0.91 1650

Canfusion Matrix

Wakefulness {0}

True Label

73

Drowsy (1)
\

Wakefulness (0) Drowsy (1)

Predicted Label
Figure 10 Confusion matrix of the proposed CNN model

Table 5 Classification performance between the proposed model and AlexNet

Model Precision Recall Fl-score Accuracy
AlexNet 0.9379 0.9563 0.9466 0.9266
Ours 0.9476 0.9272 0.9373 0.9156

Tab. 5 presents the classification performance
comparison between the two models. The proposed CNN
model achieved an accuracy of 91.56%, while AlexNet
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achieved 92.66%. These results confirm that the proposed
model maintains comparable classification performance
while offering significantly lower computational overhead.
Due to its relatively simple yet effective architecture, the
model is highly suited for real-time EEG-based drowsiness
detection, where inference speed and low resource usage are
critical. To further verify the effectiveness of the extracted
features, an additional comparison was performed using both
raw EEG data and feature-extracted data as input to the
proposed model.

Tab. 6 summarizes the classification accuracy for each
input type: the model achieved 62.17% accuracy with raw
EEG data, and 91.56% with feature-extracted data. These
results highlight the effectiveness of the Alpha relative power
values at Fpl, Fp2, Ol, and O2 as meaningful features for
drowsiness detection.

Table 6 Classification performance between the EEG raw data and feature
extraction data

Data Drop out Epoch Batch size | Accuracy
Raw data 0.5 10 64 0.6217
Feature extraction data 0.5 50 64 0.9156

The proposed CNN model achieved an overall
classification accuracy of approximately 91%, with strong
class-wise precision and recall. These results are in line with,
or slightly exceed, those reported in recent EEG-based
drowsiness detection studies. For instance, Chaabene [19]
implemented a CNN model using Emotiv EPOC+ data and
achieved 90.4% test accuracy, demonstrating the feasibility
of deep learning in this domain. A more recent model,
EEG_DMNet, which incorporates multi-scale spectral-
temporal convolutional processing, reported 97.03%
accuracy on the SEED VIG benchmark [26]. Additionally,
hybrid models such as CNN-LSTM have achieved F1-scores
up to 0.95 in binary classification tasks for drowsiness vs.
wakefulness [27]. Multi-modal approaches that combine
EEG with ECG and use RNN/CNN fusion have also
demonstrated validation accuracies close to 97% [28]. While
these advanced models offer slightly higher performance,
they often come at the cost of increased model complexity,
computational requirements, and dependency on additional
signal modalities. In contrast, the proposed lightweight CNN
model provides a well-balanced solution between
performance, simplicity, and real-time applicability, making
it ideal for embedded or mobile EEG-based driver
monitoring systems.

Nevertheless, this study has several notable limitations.
As a pilot study, it involved EEG data collection from only
four adult male participants. Although the proposed CNN
model demonstrated promising performance, the small
sample size and limited dataset present significant
constraints. First, the generalizability of the findings is
limited. Models trained on data from such a small cohort are
highly prone to overfitting and may capture individual-
specific EEG characteristics, which hinders their
applicability to broader populations with varying
demographics such as age, gender, and health status. Second,
the statistical reliability of deep learning model training is
compromised. CNN-based models require a large volume of
training data to effectively learn patterns and prevent
overfitting. Although regularization techniques such as

dropout, batch normalization, and hyperparameter tuning
were applied to mitigate these issues, the current dataset is
insufficient to ensure robust and reproducible outcomes.
Third, statistical validation is inherently limited. With a small
dataset, it becomes challenging to conduct meaningful
comparisons between the drowsy and wakeful states. As a
result, critical statistical indicators—such as effect sizes,
confidence intervals, and p-values—cannot be reliably
calculated or interpreted.

4 CONCLUSION

In this paper, we implemented a real-time drowsiness
detection system based on EEG signals that alerts the user
upon detecting signs of drowsiness. The system is composed
of three main components: (1) a module that identifies brain
regions and EEG features highly correlated with drowsiness,
(2) a classification module that determines the drowsiness
state based on these features, and (3) a user feedback module
that delivers alerts and recommendations. Relative power in
the alpha band from the prefrontal cortex (Fpl, Fp2) and
occipital cortex (Ol, O2) was identified as the primary
feature for detecting drowsiness. The proposed lightweight
CNN model achieved an accuracy of 91.56%, which is
comparable to the 92.66% accuracy of the more complex
AlexNet model. Despite its lower computational complexity,
the proposed model demonstrated similar performance,
making it suitable for real-time applications such as driver
monitoring systems. To enhance user safety, the system is
integrated with an Android application that not only notifies
the user of their drowsiness state but also suggests nearby rest
areas based on their current location. This real-time feedback
mechanism is expected to help prevent drowsy driving and
reduce traffic accident rates. It should be noted that this study
represents a pilot investigation into real-time EEG-based
drowsiness detection, and thus has certain limitations. The
experimental dataset was collected from only four adult male
participants, resulting in a limited sample size for model
training and evaluation. To overcome these limitations,
future work will involve data collection from a more diverse
group of participants in terms of age, gender, and driving
experience. Furthermore, EEG data will be gathered under
actual driving conditions to enhance ecological validity. In
addition, advanced validation techniques such as cross-
validation and multi-center studies will be employed to
improve the generalizability and statistical rigor of the
model.
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