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Abstract— Driver fatigue is widely recognized as a major
cause of traffic accidents, resulting in millions of injuries and
numerous fatalities each year. Existing driver fatigue detection
systems primarily rely on facial cues and vehicle behavior.
However, such approaches often fail to identify early signs of
drowsiness. This study investigates the effectiveness of
electroencephalogram (EEG) signals for early driver drowsiness
detection using machine learning techniques. An open-access
EEG dataset collected under controlled driving conditions using
the NeuroSky MindWave headset was utilized. EEG features
from multiple brainwave bands were analyzed to distinguish
between alert and fatigued states. Power spectral density and
band power analysis were employed for feature extraction,
followed by feature importance evaluation and independent t-
test to identify the most significant indicators. Three
classification models—Random Forest (RF), Support Vector
Machine (SVM), and Convolutional Neural Network (CNN)—
were implemented and evaluated. Experimental results show
that the RF model trained on a combined set of original and
engineered band power features achieved the highest
classification accuracy of 78.9%, outperforming CNN (74.0%)
and SVM (72.8%). Future work will focus on validating the
proposed approach using multi-channel EEG systems in real-
world driving environments to enhance its practical
applicability.
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1. INTRODUCTION

Fatigue is one of the reasons why the driver is unable to
focus on the drive, which leads to road accidents with injuries
and deaths numbering in the millions every year [1].
According to the World Health Organization [2], fatigue-
related incidents account for about 100,000 road crashes
worldwide. Modern detection systems rely mainly on external
indicators. These can be divided into two main types: driver-
centered systems that measure factors such as yawning and
eye movements, and vehicle-centered systems that measure
factors such as steering patterns and lane changes. While these
approaches are unobtrusive and convenient, they have
significant limitations; their effectiveness can be subject to
environmental influences, such as illumination and road
conditions, and the various forms of fatigue presented by
individual drivers [3].

To overcome these challenges, Electroencephalogram
(EEG) has emerged as a preferred method for cognitive state
analysis because it provides immediate data on brain activity.
EEG signals offer high temporal resolution, transmitting brain
activity at a millisecond scale. Due to the ability to directly
reflect brain dynamics during cognitive processes, EEG
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signals are widely employed in applications such as
neurological disorder detection [4]-[6] and driver fatigue
monitoring [7]-[9]. As the most direct physiological-based
methods, EEG testing can achieve high detection accuracy,
with some controlled studies reporting rates above 90% [10].
The brain electrical activity measurement through EEG
reveals different frequency bands that indicate brain alertness
levels. Research indicates that fatigue detection occurs
through theta activity increases and beta activity decreases [9].
The detection of fatigue onset through EEG occurs before
behavioral methods because EEG detects neural changes in
the brain.

Machine learning approach is frequently used in EEG data
analysis to identify fatigue-related brainwave patterns [4].
Traditional methods such as Support Vector Machine (SVM)
and Random Forest (RF) have shown effectiveness and
robustness on the classification performance. However, they
often depends on extensive manual feature engineering to
achieve optimal performance. In contrast, the deep learning
methods such as Convolutional Neural Network (CNN) has
its ability to extract relevant features from raw data
automatically. This end-to-end learning capability often
improved the classification performance with minimal
preprocessing [11]. The recent technological developments
create opportunities to build precise real-time driver fatigue
detection systems, which could decrease accidents from
drowsy driving.

The main purpose of this research is to investigate whether
EEG signals can detect driver fatigue through machine
learning models. The specific objective is to implement
machine learning algorithms to classify EEG data into alert or
fatigued states, to identify the most relevant EEG features
indicative of fatigue. RF, SVM and CNN are employed to
evaluate the classification performance.

The rest of the paper is organized as follows: Section 11
presents the background of study. Section III describes the
materials and methods, which includes dataset description,
data preprocessing and feature engineering, classification and
performance measurements. Section [V depicts the results and
discussions while Section V draws the conclusion and the
direction of future works.

II. THE BACKGROUND STUDY

Driver fatigue is considered one of the major reasons for
road accidents around the world [12]. On this basis, growing
awareness of the problem has stimulated serious research
efforts toward the development of reliable and accurate driver
fatigue detection methods to help drivers before it goes out of
control.
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Current driver fatigue detection systems can be classified
into three main categories: driver behavioural-based systems,
vehicle-based systems, and driver physiological-based
systems [12]. Behavioural-based systems are non-intrusive
and relatively easy to implement, making them attractive to
real-world applications. These systems detect the signs of
fatigue through facial expressions, yawning frequency, head
position and movement, eye movements, and blinking
behaviour. However, they face significant challenges and one
of the main issues is their dependence on the lighting
conditions, particularly if there is too little light or shine [3].
Additionally, individual differences play a crucial role, as
everyone shows various kinds of fatigue, which can give rise
to fallacies. Behavioural-based systems also have limited
capability in detecting early-stage fatigue, as behavioural
changes during the initial incubation period are often subtle
and difficult to identify.

In contrast, vehicle-based systems monitor driving-related
parameters such as steering wheel movements, lane shift or
departure patterns, speed variation and braking patterns.
Although these systems provide indirect indicators of driver
fatigue, their performance is influenced by multiple external
factors. Road conditions can significantly affect steering and
lane deviation patterns, as variations in road type or roadwork
may lead to different driving behaviours. Weather conditions
such as rain or fog, may also result in erratic driving not
caused by fatigue, further complicating the detection process.
Moreover, the type of vehicle for example, size and
suspension elements may reflect the differences in how
fatigue manifests in driving behaviours and thus can lead to
possible false alarms or missed detection.

Driver physiological-based systems that utilize EEG
signals provide the most direct method for measuring driver
fatigue due to their physiological basis. These systems
monitor the brain activity directly and able to detect fatigue at
the early stage. EEG-based approaches are highly sensitive in
distinguishing between alert versus fatigued state and enable
continuous monitoring of cognitive states. Recent research
showed that detection accuracies as high as 90% and above
were achievable with EEG-based systems in controlled
environments [13]. Despite their advantages, current EEG-
based systems also face challenges, including signal noise and
artifacts, optimal electrode placement, user comfort and
acceptance, and identifying key brainwave indicators of
fatigue.

Machine learning has improved the analysis of EEG
signals in identifying driver fatigue. Traditional machine
learning methods and deep learning architectures are the two
major categories of this technique, both of which have
different strengths that can be used in different parts of the
clinical EEG system development and implementation.
Traditional machine-learning approaches have demonstrated
significant success in EEG-based fatigue detection through
various algorithms. Decision Tree (DT) are another common
choice for EEG-based fatigue detection due to their
interpretability and low computational complexity. Decision
tree identify key features with the most contribution to
classification. Therefore, they are ideal for lightweight and
real-time systems. But their susceptibility to overfitting is a
big limitation unless combined with ensemble methods like
Random Forest or Gradient Boosting [10]. Naive Bayes
classifiers are very common, especially in the case of smaller
datasets, since they are straightforward and efficient. Though

they assume independence of features, which may not be a
good representation of the complex relationships that might
exist in EEG signals, they provide a good baseline model to
compare against [14]. The application of SVM and Random
Forests has also been quite useful in the detection of fatigue,
which is generated using EEG. These methods usually require
strict feature extraction and selection before the classification.
SVM-based systems can reach a level of up to 96.42% if
frequency-domain features that have been extracted diligently
are applied. By contrast, Random Forests, powered by very
smart programming, are good at detecting and catching the
behaviour of EEG signals that have been proven to be false.
They scored around 98.12% in those studies, which were very
controlled and solidified [14].

Deep learning architectures revolutionized EEG-based
fatigue detection, largely due to their capabilities for
automatic extraction and learning of features from raw EEG
data, hence eliminating feature engineering. CNN works very
well in capturing both spatial and temporal patterns of EEG
signals [15]. Among its main benefits, we can distinguish the
possibilities to automatically learn hierarchical features
directly from raw information, which reduces the need to
perform significant amounts of manual feature engineering

[11].
III. MATERIALS AND METHODS

A. Dataset Description

The dataset used in this study was “Sleepy Driver EEG
Brainwave Data”, which can be downloaded from Kaggle
dataset repository [15]. EEG signals were recorded using the
NeuroSky MindWave headset, a non-invasive EEG
monitoring device. Multiple recording sessions were carried
out with different subjects to ensure a representative and
varied sampling of brainwave patterns across persons and
situations. The dataset’s diversity makes it possible to create
drowsiness detection models that are more broadly applicable.
The dataset consists of 3735 instances with 10 features,
including brainwave frequencies (Delta, Theta, Low Alpha,
High Alpha, Low Beta, High Beta, Low Gamma, High
Gamma), Attention, Meditation, and a binary classification
label indicating alert (0) or fatigued (1) states.

B. Data Preprocessing and Feature Importance

A methodical data preprocessing pipeline was created to
make the dataset ready for machine learning analysis.
Following the Exploratory Data Analysis (EDA), the signal
cleaning process removes artifacts and noise from the raw
EEG signals, which is crucial for accurate analysis [16].
Artifacts may come from muscle movements, eye blinks, or
external electrical interference, usually at 50 or 60 Hz, which
can contaminate the recordings. The EDA confirmed that the
dataset was of high quality, with no missing values or
duplicate rows, which simplified the preprocessing
requirements.

However, the descriptive statistics indicated a large
variation in the brainwave measurements. Therefore, the
normalization is required to set a standard for the analysis of
EEG recordings consistently [16]. This includes the
standardization of the amplitude of EEG signals throughout
recording sessions so that any variation in signal strength due
to equipment or recording conditions does not affect the
analysis. Recordings are then temporally aligned to make sure
all segments are well synchronized and can be compared.
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Normalization at its last step involves the filtering processes
of band-pass, each for different frequency ranges; this enables
the segregation of specific EEG frequency bands required for
fatigue detection.

To further identify the most important EEG features
relevant to driver fatigue identification, feature importance
analysis and independent t-test validation were conducted.
The top 10 most important features by the Random Forest and
t-test results are shown in Fig. 1 and Fig. 2, respectively.
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Fig. 1. Top 10 Most Important Features (Random Forest) Bar Plot

Fig. 1 shows the clear order of fatigue predictors. The two
most important features in the model are highGamma and
delta, with importance scores of 0.179 and 0.138 respectively.
The two features together account for more than 31% of the
model’s predictive power, indicating that high-frequency
cognitive activity and low-frequency sleep associated waves
are the most important biomarkers in this dataset.

T-test Results (Features that are statistically significant):
Feature p-value Significant

12 Alpha power 2.377946e-46 True
2 delta 5.323666e-46 True
18 Delta_power 5.323666e-46 True
7 highBeta 8.789283e-48 True
3 theta 6.217612e-37 True
11 Theta_power 6.217612e-37 True
5 highAlpha 5.382818e-32 True
13 Beta_power 1.5879%946e-3@ True
4 lowAlpha 5.248818e-27 True
9 highGamma 2.818586e-18 True

Fig. 2. Independent T-Test Results for Key EEG Features

In order to statistically prove these results, independent t-
tests were conducted to compare the mean value of each
feature between the alert and fatigued classes, as shown in Fig.
2. This test shows whether the differences obtained are
significant. The results were highly consistent with the model-
driven importance ranking, which strongly aligns with the
statistical significance tests. The features with the highest
importance scores, including delta, highBeta, theta, and
highAlpha, were the same features found to have extremely
low p-values (< 0.001), confirming a statistically significant
difference between the alert and fatigued states. The
highGamma and delta being ranked as the best features
repeatedly by the Random Forest model and the statistical
tests, in particular, give a solid reason to believe in their
significance. This alignment between fatigue importance
scores and statistical tests reinforces the relevance of delta,
theta, and gamma-related brainwaves as discriminators of
fatigue.

In addition to the original features, feature engineering
was performed to create a more concise representation of brain
activity. Power Spectral Density (PSD) analysis was
performed on the EEG signals using the Welch method in
order to study the frequency components of the signals. The
method is used to estimate the power of a signal at various
frequencies, allowing one to understand which frequency
bands are the most active. The data was bandpass filtered to
isolate the standard EEG band: Delta (0.5-4 Hz), Theta (4-8
Hz), Alpha (8-13 Hz) and Beta (13-30 Hz). That enabled the
specific analysis of the power of each significant frequency
range relating to the cognitive states.

C. Classification

The pre-processed EEG data is used for the classification
of fatigue states by using Random Forest (RF), Support Vector
Machine (SVM) and Convolutional Neural Network (CNN).
The RF and SVM classifiers were trained using engineered
feature representations derived from the EEG signals, while
the CNN model was trained directly on the normalized raw
features to leverage its automatic feature learning capability.
The dataset was partitioned into 70% for training and 30% for
testing to ensure an unbiased evaluation of classification
performance across all models.

1) Random Forest (RF)

Random Forest is an ensemble learning algorithm that
constructs multiple decision trees during the training phase
and outputs the average prediction of individual trees [17].
Random Forest generates forests with a random number of
trees. The aggregation of multiple decision trees can reduce
the chances of overfitting, and therefore helps to improve the
performance. The strength of this benefit stems from the
natural complexity and heterogeneity contained in the EEG
data from the participants. The RF model used in this study
was configured with 100 decision trees (n_estimators=100)
and a fixed random state (random_state=42) for
reproducibility, and it was trained on the scaled training
dataset.

2) Support Vector Machine (SVM)

Support Vector Machine (SVM) is frequently used in EEG
signals classification. It aims to find the maximum margin
hyperplane in multi-dimensional space that distinctly
classifies the feature vectors. Hyperplane is the decision
boundary that helps to classify the feature vectors. It is
obtained by training the initial dataset, which entirely
separates these data and is defined by a small set of support
vectors. When the feature vectors fall on either side of the
hyperplane, there can be assigned to different classes. Support
vectors are the subset of the feature vector that close to the
hyperplane. It influences the orientation and position of the
hyperplane. The main idea of the support vectors is to
maximize the margin of the classifier. The position of the
hyperplane will change whenever the support vectors are
changed.

In this study, the SVM is trained with Radial Basis
Function (RBF) kernel, which is very practical in dealing with
the non-linearity of decision boundaries common in complex
biological signals such as EEG signals. The default
hyperparameters were chosen (C=1.0, gamma="scale’), and
the probability estimation feature was set to True in order to
be able to analyze the ROC curves.
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3) Convolutional Neural Network (CNN)

A Convolutional Neural Network (CNN) is a specialized type
of feed-forward neural network originally developed for
computer vision tasks, but it has also been widely applied in
EEG signals classification. Unlike conventional neural
networks, CNN has the capability to identify relevant features
without the need for manual feature engineering. A typical
CNN architecture consists of several distinct layers such as
convolutional layers, pooling layers and fully connected
layers, each serving a specific role in feature extraction,
dimensionality reduction, and classification. As for the data
input, CNN utilizes data tensors in a 3D array (samples,
timesteps, features). The CNN model was constructed in

false negatives. This gives a clear picture of the strengths and
weaknesses of the model with respect to classification.

IV. RESULTS AND DISCUSSIONS

This section presents and discusses the classification
performance of Random Forest (RF) and Support Vector
Machine (SVM) models using feature-engineered data, and
CNN model using the original scaled features. The models are
evaluated based on accuracy, area under ROC curve (AUC),
precision, recall and F1 score. The data was split into 70% for
training and 30% for testing. Table II summarizes the
performance of different machine learning models and feature
configurations for EEG-based driver fatigue classification.

sequential architecture as follows: TABLE IL. COMPARISON OF CLASSIFICATION PERFORMANCE
BETWEEN DIFFERENT FEATURE SETS
TABLE L CNN ARCHITECTURE USED FOR FATIGUE CLASSIFICATION Fi-
Model Accuracy | AUC | Precision | Recall | g.ore
Component Architecture/ Specification
Input Layer Input shape configured for the 3D array of Random 78.60 0.871 0.784 0.693 | 0.736
. Forest (RF)
EEG features (samples, timesteps, features)
Convolutional Layer 1: SVM 72.80 0.797 0.664 0.743 0.701
Layers - ConvlD (64 filters, activation="relu’) CNN 7360 0804 0,607 0683 10690
- MaxPooling1D ()
- Dropout (0.3) RF (Band 67.40 0.722 0.638 0.560 0.597
Layer 2: Power)
- Conv1D (32 filters, activation = ‘relu’) RF 78.90 0.854 0.786 0.699 | 0.740
Pooling Layer GlobalAveragePooling1D () (Combined)
Fully Connected | 1 ¢ (32 units, activation = ‘relu’) RF (Delta + 6950 | 0771 | 0657 | 0.608 | 0.631
Layer HighGamma)
Output Layer Dense (1 unit, activation = ‘sigmoid’)
Compilation - Optimizer: Adam
T - EOSS }l:unzc (;wn: binary_crossentropy Among the baseline classifiers, the Random Forest (RF)
raming - pochs: model achieved the best overall performance, recording the
Parameters - Batch Size: 32

The model is summarized with the Adam optimizer and
the loss function of binary crossentropy. It was trained for 20
epochs with a batch size of 32. Training and validation
accuracy and loss curves help to see that the model was
learned successfully, as the validation accuracy is growing
steadily, and the validation loss is decreasing throughout the
epochs, which is not a significant indication of overfitting.

D. Performance Measurement

To quantitatively assess the effectiveness of the classifiers,
a suite of standard performance metrics was used to ensure a
reliable evaluation of fatigue state classification. The
evaluation included accuracy, which measures the proportion
of correctly classified samples. However, accuracy may not be
an appropriate measure of performance concerning the
reliability of the models in the case of class imbalance; the
analysis was supplemented with precision, recall (sensitivity),
and the Fl-score. Precision captures how many actual cases
among those that have been predicted as fatigued really had
this class. Sensitivity measures how well a model captures real
cases among those identified with this target feature. The F1-
score is also applied for this kind of imbalanced dataset
classification task and captures both measures, precision and
recall, into a single value. These different metrics show
specific model behavior regarding performance on a single
number when classes are not perfectly balanced [16].

In addition to these metrics, a confusion matrix [18] is also
provided as an output, showing the performance of the model
in terms of true positives, true negatives, false positives, and

highest accuracy (78.60%), AUC (0.871), and Fl-score
(0.736). These results indicate that RF possesses strong
discriminative capability and robustness in distinguishing
between alert and fatigued mental states.

The SVM model demonstrated competitive recall (0.743),
suggesting its effectiveness in identifying fatigued instances.
However, this was accompanied by lower precision, implying
a higher false-positive rate. The CNN model showed
relatively balanced performance across all evaluation metrics
but underperformed compared to RF. This may be attributed
to the limited dataset size, consisting of 3,735 instances with
10 features, and the use of single-channel EEG data, which
can constrain the model’s ability to learn complex feature
representations. This can limit the effectiveness of deep
learning models, which typically require larger datasets to
achieve optimal performance [19].

Given the superior performance of the RF model, further
experiments were conducted using RF with different feature
sets. When using band power features alone, the RF model
exhibited a notable decline in performance, with accuracy
dropping to 67.40% and F1-score to 0.597, respectively. This
indicates that the band power features alone are insufficient
to represent fatigue-related EEG patterns comprehensively.
Similarly, the RF model trained using only the two most
important features (Delta and High-Gamma), as identified
through the feature importance analysis, achieved moderate
performance. This result showed that predictive relevance of
these features while also highlighting the limitations
associated with relying on a reduced feature subset.
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The best overall performance was achieved by the RF
model trained on the combined feature set, yielding the
highest accuracy (78.90%), precision (0.786), and F1-score
(0.740). This demonstrates that integrating raw and
engineered features enhances discriminative capability and
improves classification robustness.
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Fig. 3. Comparison of ROC Curves between the Classification Models

The Receiver Operating Characteristics (ROC) curve
analysis presented in Fig. 3 helps to visualize model
performance comparison. The ROC curves demonstrate that
Random Forest models possess the best discriminative
capabilities. The baseline RF model achieved the highest
AUC value of 0.871, which demonstrates its excellent
classification ability. The RF model with combined features
displayed the best overall performance through its AUC value
of 0.854 while achieving the best balance across all metrics,
which makes it a suitable choice for real-world
implementation.

The result of this study demonstrates that the engineering
process of features directly influences the classification
results. The model accuracy decreased when using band
power features alone, yet the combination of original features
with engineered features led to better classification results.
The engineered features contain extra information that
enhances the existing predictive capabilities of the raw data.
The model that combined different features produced the
highest results among all others because it merged detailed
raw signal information with meaningful biological
summaries.

Research results demonstrate that EEG-based driver
fatigue detection systems can be developed in real-time with
cost-effectiveness. The combination of basic hardware and
components with machine learning algorithms offers a
practical method for monitoring driver fatigue in vehicles. The
model requires validation with multi-channel EEG systems
and real driving scenarios to boost its generalization
capabilities and operational stability.

V. CONCLUSION

This research explored the detection of driver fatigue using
EEG signals and machine learning models, namely Random
Forest (RF), Support Vector Machine (SVM), and
Convolutional Neural Network (CNN). Among the three
models, the RF model achieved the best classification
performance, recording an accuracy rate of 78.9% when

trained on a combination of raw and engineered features. The
HighGamma and Delta bands were identified as the most
discriminative indicators of fatigue. Furthermore, the
combination of raw and engineered features led to increased
model accuracy, eclucidating the key role of feature
representation in EEG signals classification. These findings
form a solid base for the creation of functional detection
systems to enhance driving safety. Future work should focus
on validating the proposed approach using multi-channel EEG
systems in real-world driving environments to further advance
the applicability of this technology.

ACKNOWLEDGMENT

The authors acknowledge Universiti Malaysia Sarawak
under the PILOT Research Grant Scheme
(UNI/FO8/PILOT/85807/2023) for supporting this project.

REFERENCES

[1]  E. Shaik, M. Islam, and Q. Sazzad, “A review on neural network
techniques for the prediction of road traffic accident severity,” Asian
Transp. Stud., vol. 7, no. October, p. 100040, 2021, doi:

10.1016/j.eastsj.2021.100040.

[2] “Road traffic injuries,” World Health Organization, 2023.
https://www.who.int/news-room/fact-sheets/detail/road-traffic-
injuries (accessed Nov. 04, 2024).

[3] H. Wang, M. Li, and X. Yue, “IncLSTM: Incremental Ensemble
LSTM Model towards Time Series Data,” Comput. Electr. Eng., vol.
92, no. January, p. 107156, 2021, doi:
10.1016/j.compeleceng.2021.107156.

[4] R. Shoorangiz, S. J. Weddell, and R. D. Jones, “EEG-Based Machine
Learning: Theory and Applications,” Handb. Neuroengineering,
2023, doi: https://doi.org/10.1007/978-981-16-5540-1_70.

[5] M. Aldayel and A. Al-nafjan, “A comprehensive exploration of
machine learning techniques for EEG-based anxiety detection,” PeerJ
Comput. Sci., vol. 10, pp. 1-22, 2024, doi: 10.7717/peerj-cs.1829.

[6] F. Abedinzadeh Torghabeh, Y. Modaresnia, and S. Abed Hosseini,

s

“An efficient tool for Parkinson ’ s disease detection and severity
grading based on time-frequency and fuzzy features of cumulative gait
signals through improved LSTM networks,” Med. Nov. Technol.
Devices, vol. 22, no. November 2023, p. 100297, 2024, doi:

10.1016/j.medntd.2024.100297.

[7] H.S.AlZu’bi, W. Al-Nuaimy, and N. S. Al-Zubi, “EEG-based Driver
Fatigue Detection,” in 2013 Sixth International Conference on
Developments in eSystems Engineering, 2013, pp. 111-114. doi:
10.1109/DeSE.2013.28.

[8] Z. Ren et al., “EEG-Based Driving Fatigue Detection Using a Two-
Level Learning Hierarchy Radial Basis Function,” Front.
Neurorobot., vol. 15,2021, doi: 10.3389/fnbot.2021.618408.

[9] M. S. Ibrahim, S. R. Kamat, S. Shamsuddin, M. H. Md Isa, and M.
Ito, “Electroencephalogram ( EEG ) -based Systems to Monitor Driver
Fatigue : A Review,” Int. J. Nanoelectron. Mater., vol. 15, no. Special
Issue, pp. 365-380, 2022.

[10] A. Altameem, A. Kumar, R. C. Poonia, S. Kumar, and S. J. Abdul
Khader, “Early Identification and Detection of Driver Drowsiness by
Hybrid Machine Learning,” IEEE Access, vol. 9, pp. 162805-162819,
2021, doi: 10.1109/ACCESS.2021.3131601.

[11] M. Salvi, U. R. Acharya, F. Molinari, and K. M. Meiburger, “The

impact of pre- and post-image processing techniques on deep learning

Authorized licensed use limited to: UNIVERSITY MALAYSIA SARAWAK. Downloaded on July 29,2026 at 01:12:21 UTC from IEEE Xplore. Restrictions apply.



[12]

[13]

[14]

[15]

frameworks: A comprehensive review for digital pathology image
analysis,” Comput. Biol. Med., vol. 128, p. 104129, 2021, doi:
10.1016/j.compbiomed.2020.104129.

N. A. Che Hasan, K. Karuppiah, N. A. Hamzah, and S. B. Mohd
Tamrin, “Risk Factors of Fatigue: A Systematic Review Among
Transportation Drivers,” Malaysian J. Med. Heal. Sci., vol. 17, pp.
184-192, 2021.

S. Z. Ardabili, S. Bahmani, L. Z. Lahijan, N. Khaleghi, S.
Sheykhivand, and S. Danishvar, “A Novel Approach for Automatic
Detection of Driver Fatigue Using EEG Signals Based on Graph
Convolutional Networks,” Sensors, vol. 24, no. 2, p. 364, 2024.
M.-P. Hosseini, A. Hosseini, and K. Ahi, “A Review on Machine
Learning for EEG Signal Processing in Bioengineering,” /IEEE Rev.
Biomed.  Eng., vol. 14, pp. 204-218, 2021, doi:
10.1109/RBME.2020.2969915.

Z. Zhao, N. Zhou, L. Zhang, H. Yan, Y. Xu, and Z. Zhang, “Driver
Fatigue Detection Based on Convolutional Neural Networks Using

[16]

[17]

[18]

[19]

EM-CNN,” Comput. Intell. Neurosci., vol. 2020, no. 3, 2020, doi:
10.1155/2020/7251280.

A. Craik, Y. He, and J. L. Contreras-Vidal, “Deep learning for
electroencephalogram ( EEG ) classification tasks: a review,” J.
Neural Eng., vol. 16, 2019.

D. R. Edla, K. Mangalorekar, G. Dhavalikar, and S. Dodia,
“Classification of EEG data for human mental state analysis using
Random Forest Classifier,” in Procedia Computer Science, 2018, vol.
132, pp. 1523-1532. doi: 10.1016/j.procs.2018.05.116.

M. M. Fahmy, “Confusion Matrix in Binary Classification Problems :
A Step-by-Step Tutorial,” J. Eng. Res., vol. 6, no. 5, 2022.

L. Alzubaidi et al., “A survey on deep learning tools dealing with data
scarcity: definitions, challenges, solutions, tips, and applications,” J.
Big Data, vol. 10, no. 46, pp. 1-82, 2023, doi: 10.1186/s40537-023-
00727-2.

Authorized licensed use limited to: UNIVERSITY MALAYSIA SARAWAK. Downloaded on July 29,2026 at 01:12:21 UTC from IEEE Xplore. Restrictions apply.



