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Abstract.Driver drowsiness is one of the major causes of traffic accidents
worldwide. Detecting fatigue early is essential for preventing accidents. In this
study, electroencephalography (EEG) is used to capture brain signals and a suite
of machine learning classifiers—including LightGBM, XGBoost, Extra Trees,
Random Forest, Gradient Boosting, AdaBoost, Decision Trees, K-Nearest
Neighbors, Logistic Regression, Ridge Classifier, Linear Discriminant Analysis,
Quadratic Discriminant Analysis, and SVM with a linear kernel—is employed
to classify drivers’ alert and drowsy states. Key features including various brain
wave frequencies (delta, theta, alpha, beta, and gamma) along with attention
and meditation parameters are extracted and used for model training. The
performance is evaluated through classification accuracy, ROC
curves,confusionmatrices, and cross-validation metrics.
Keywords: Driver Drowsiness Detection,EEG, Feature Selection, Machine
Learning, Road Safety.

1.Introduction

Driver fatigue significantly contributes to road accidents, making the development of
reliable drowsiness detection systems critical. Traditional methods, which often rely
on visual cues such as eye blinking or head movement, may not provide early warning
or accurate detection. In contrast, EEG signals directly measure brain activity and can
reveal subtle changes in alertness. This paper investigates the use of multiple machine
learning classifiers applied to EEG data to detect driver drowsiness in real time. Our
approach includes comprehensive feature extraction from EEG frequency bands and
the application of ensemble as well as individual learning algorithms to enhance
detection accuracy.

2. Background and Motivation
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The rapid advancement of machine learning has paved the way for more precise
detection systems in safety-critical applications. EEG-based drowsiness detection
leverages signals that reflect cognitive states, offering a promising alternative to
traditional monitoring systems. Previous studies have highlighted the benefits of using
EEG signals; however, challenges such as noise, inter-subject variability, and real-
time processing persist. This work builds on previous research by incorporating
multiple classifiers and emphasizing feature selection to improve both accuracy and
reliability.

2.1 Significance of EEG in Drowsiness Detection

EEG provides detailed insights into brain activity through distinct frequency bands.
Changes in delta, theta, alpha, beta, and gamma bands have been correlated with
varying states of alertness. By focusing on these features, our system can effectively
differentiate between alert and drowsy states, ultimately contributing to safer driving
conditions.

3.LiteratureReview

Several studies have evaluated EEG-based methods for driver drowsiness detection.
Early work by Niu et al. (2017) demonstrated the potential of wavelet transforms in
extracting relevant features from EEG signals. Other researchers have utilized
Random Forests, SVM, and ensemble methods to classify EEG data with promising
accuracy. While individual classifiers have shown potential, ensemble methods (such
as LightGBM and Extra Trees) often provide higher reliability, particularly in
complex and noisy environments.

3.1EEG Features and Drowsiness Detection:

Different stages of brain activity are represented by different frequency bands into
which EEG signals are divided. Deep sleep and relaxation are connected to the delta
and theta bands (0.5-4 Hz and 4-8 Hz, respectively), which can be strong indicators of
drowsiness. While Beta (13-30 Hz) and Gamma (30-100 Hz) waves are associated
with higher cognitive processing and attention, alpha waves (8-13 Hz) are usually
seen in aware but relaxed states. According to studies, examining these frequency
ranges can help distinguish between drivers who are aware and those who are sleepy.
Wavelet transformations and power spectral density, two characteristics taken from
these brainwave frequencies, have been used to predict drowsiness and describe
mental states (1,2).

3.2 Machine Learning Approaches:



728 C. Divvala et al.

EEG-based drowsiness detection systems now rely heavily on machine learning
techniques because they can accurately and automatically classify EEG signals. EEG
data has been subjected to a variety of classifiers, each with unique advantages and
disadvantages.

e Random Forests and Extra Trees:

Several decision trees are combined in the ensemble learning techniques Random
Forest (RF) and Extra Trees (ET) to generate predictions (3). Because these classifiers
can handle high-dimensional data and produce reliable predictions, they are
frequently utilized in EEG classification tasks. For example, Wang et al. (2018) (10)
classified EEG signals using RF and were able to detect tiredness with good
classification accuracy.

* Gradient Boosting Machines and Light Gradient Boosting Machine:

GBMs like as LightGBM, may iteratively improve weak learners, they are widely
used in classification issues. These models have been shown to produce cutting-edge
results in a variety of signal classification tasks, including EEG-based mental state
detection.

* Support Vector Machines (SVM):

The SVM algorithm's stability in high-dimensional environments makes it a common
choice for EEG classification. By optimizing the margin between classes, studies like
those conducted by Biswas et al. have shown how well SVM can categorize drowsy
states from EEG signals.

¢ Decision Trees and AdaBoost:

In ensemble techniques like AdaBoost, Decision Trees (DT) are frequently employed
as base learners. Because of its interpretability and aptitude to represent complex
relationships in data, DTs have been applied to the classification of EEG signals.
Combining DT with boosting approaches can improve drowsiness detection
performance, according to studies by Liu et al. (4).

* K-Nearest Neighbours:

KNN is a simple classifier that has been utilized in EEG-based systems because of its
effectiveness. KNN is an appealing choice for real-time applications due to its
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simplicity of use and efficacy in smaller datasets, even though it might not always
perform as well as more complex models (5).

* Logistic Regression and Ridge Classifier:

Additionally, sleepiness detection has made use of linear classifiers such as Ridge
Classifier and Logistic Regression. When there is a nearly linear relationship between
the features and the target variable, these models function well. They may, however,
perform poorly on intricate, non-linear EEG data (6).

* Naive Bayes and Dummy Classifiers:

For EEG-based classification, simpler classifiers like Naive Bayes and Dummy
Classifiers have been investigated; nevertheless, their performance frequently falls
short of that of more sophisticated algorithms like SVM and ensemble techniques.
However, Naive Bayes remains a viable baseline model for classifying EEG signals

(.
¢ Performance Evaluation and Feature Selection:

The correct feature selection is crucial for efficient classification in EEG-based
sleepiness detection. EEG signals are frequently subjected to a variety of feature
extraction techniques, including wavelet transforms, Power Spectral Density, and Fast
Fourier Transform, in order to extract pertinent information from various frequency
bands. Studies have demonstrated that the integration of frequency band
characteristics, meditation, and focus greatly enhances categorization performance.
Furthermore, the effectiveness of machine learning classifiers in drowsiness detection
tasks is measured using performance metrics including as accuracy, precision, recall,
Fl-score, and area under the receiver operating characteristic curve (AUC-ROC).
Research has showed that in terms of classification accuracy, ensemble models like
RF and XGBoost perform better than more straightforward classifiers like SVM and
Logistic Regression

3.3 Comparative Analysis of Classifiers

The literature suggests that while simpler models like Logistic Regression and Naive
Bayes provide a baseline performance, more sophisticated methods—such as
Gradient Boosting Machines and Random Forests—exhibit superior performance in
detecting subtle patterns in EEG data. Our study extends these findings by comparing
a wide range of classifiers using standardized performance metrics.

4. Methodology
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4.1 Data Acquisition
EEG data was collected from a cohort of drivers using standardized sensors placed on
the scalp. The data includes recordings under varying conditions of alertness and

drowsiness.
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Figl: Proposed Framework for Sleepy Driver EEG Brain Classification

4.2 Preprocessing and Feature Extraction

Preprocessing involved filtering out noise and artifacts from the raw EEG data. Key
features extracted include the power spectral density across delta, theta, low-alpha,
high-alpha, low-beta, high-beta, low-gamma, and high-gamma frequency bands.
Additional features include attention and meditation indices derived from the EEG
signal(9,10,11).

4.3 Classifier Selection and Training
The study employs an array of classifiers:

e Ensemble methods: LightGBM, XGBoost, Extra Trees, Random Forest
e Boosting techniques: Gradient Boosting, AdaBoost

e Tree-based and linear models: Decision Trees, K Neighbors, Logistic
Regression, Ridge Classifier, Linear and Quadratic Discriminant Analysis

e  Support Vector Machines (with linear kernel), Dummy Classifier, and Naive
Bayes.

Each classifier is trained using cross-validation and hyperparameter tuning to
optimize performance(12).
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5. Experimental Setup

5.1 Training and Validation

A 10-fold cross-validation strategy is implemented to ensure that the model
generalizes well on unseen data. Data augmentation and normalization techniques are
applied to handle variability in EEG signals across different drivers.

5.2 Performance Metrics
Key performance metrics include:

e Accuracy: The overall correctness of predictions.

e AUC (Area Under the ROC Curve): Measures the model’s ability to
discriminate between classes.

e  Precision, Recall, and F1-Score: Evaluate the balance between false positives
and false negatives.

e Cohen’s Kappa and Matthews Correlation Coefficient (MCC): Assess the
agreement between predicted and actual classifications.

5.3 Implementation Tools

The experiments are implemented using Python with libraries such as scikit-learn,
XGBoost, and LightGBM. The preprocessing and feature extraction are carried out
using custom scripts along with standard signal processing libraries.

6.Results and Discussions:

The box plots reveal that the data distributions for several features are skewed, with
many outliers present. The interquartile ranges (IQRs) vary across features, indicating
differences in data spread. Several features exhibit numerous outliers, suggesting
potential data anomalies or extreme values.
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Fig:2 Box Plot of Dataset Features
Tablel:Correlation Summary

Stats Pearson Spearman KendallTau
Pearson Spearman KendallTau
Highest Positive Correlation 0.693 0.849 0.777
Highest Negative Correlation -0.23 -0.308 -0.252
Lowest Correlation 0.007 0.012 0.008
Mean Correlation 0.159 0.187 0.131

Highest Positive Correlation:

The Pearson, Spearman, and Kendall Tau coefficients all indicate a strong positive
correlation with values around 0.693, 0.849, and 0.777, respectively. This shows a
strong positive association between the two variables in question.

Highest Negative Correlation:

The coefficients for the highest negative correlation are around 0.23 (Pearson), -0.308
(Spearman), and -0.252 (Kendall Tau). This indicates a moderate negative relationship
between the variables.

Lowest Correlation:

The correlation values for the lowest correlation are very close to zero (around 0.007,
0.012, and 0.008). This suggests a very weak or negligible relationship between the
variables.

Mean Correlation:

The mean correlation across all pairs of variables is relatively low (around 0.159,
0.187, and 0.131). This indicates that, on average, the relationships between variables
in the dataset are weak.

The best results are obtained by LightGBM, XGBoost, and Extra Trees Classifier in
terms of accuracy, AUC, precision, recall, F1-score, Kappa, and MCC. The K-Nearest
Neighbors, Decision Tree Classifier, Ada Boost Classifier, and Gradient Boosting
Classifier all perform reasonably. Most metrics perform poorly, including Logistic
Regression, Ridge Classifier, Linear Discriminant Analysis, Quadratic Discriminant
Analysis, SVM, Dummy Classifier, and Naive Bayes.



In terms of accuracy, LightGBM is the best. The capacity of most models to
differentiate across classes is demonstrated by their high AUC values. While some
models (like Logistic Regression and Ridge Classifier) focus on precision, others (like
Naive Bayes and Quadratic Discriminant Analysis) prioritize recall. When compared
to several other models, with short training times include Random Forest, LightGBM,
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and XGBoost.
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Fig:3 ROC Curves for LGBMClassifier

The ROC curve displays a diagonal line from bottom left to top right. This serves as a
random classifier's baseline. The fact that the real ROC curves (yellow, green, and
blue) are situated well above this line suggests that the model outperforms random
guessing. All classes and averages have AUC (Area Under the Curve) values of 0.88.
This implies that the discriminatory power of the model is good. A higher AUC
indicates a better ability to differentiate between positive and negative classifications.
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The performance for a single class is displayed by the "ROC of class 0" curve. The
performance for the other class is displayed by the "ROC of class 1" curve. Given that
the two curves are near to one another, it appears that the model functions similarly
well for both courses. The "micro average ROC curve" allocates equal weight to each
forecast. The "macro-average ROC curve" is calculated by averaging the ROC curves
for each class. The identical micro-average and macro average ROC curves
demonstrate that the model's performance is equivalent across classes. The TPR
(sensitivity), or the percentage of true positives that the model properly recognized, is
shown on the y-axis. The FPR (1 - specificity), or the percentage of false positives
that were anticipated to be true, is shown on the x-axis. The TPR rises in tandem with
the FPR. The top-left corner of the ROC curve should be hugged, signifying low FPR
and high TPR. According to the ROC curve, the LGBMClassifier exhibits balanced
performance across classes and good overall accuracy when it comes to class
distinction.

LGBM Classifier Confusion Matrix:

344 (predicted as Class 1 but actually Class 1), 546 (predicted as Class 0 but actually
Class 0), 136 (predicted as Class 1 but actually Class 0), and 95 (predicted as Class 0
but actually Class 1). are the matrices shown above. With a high percentage of
accurate predictions (TP and TN), the matrix demonstrates the model's typically good
performance. It appears that Class 0 has more instances than Class 1. This might have
an impact on how well the model performs. 136 cases were mistakenly forecasted as
Class 1 when they were actually Class 0, a type I error known as a false positive. 95
cases were mistakenly forecasted as Class 0 when they were actually Class 0 (Type II
Error, False Negative).
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Fig:4 LGBM Classifier Confusion Matrix:
Table:2 Model performance Metrics-10-Fold Cross-Validation

735

Fold Accuracy | AUC Recall | Precision | F1 Kappa | MCC
0 0.7939 0.8732 | 0.7232 | 0.7788 0.7500 | 0.5751 | 0.5762
1 0.7977 0.8707 | 0.7143 | 0.7921 0.7512 | 0.5815 | 0.5837
2 0.7824 0.8424 | 0.6696 | 0.7895 0.7246 | 0.5468 | 0.5519
3 0.7863 0.8782 | 0.7321 | 0.7593 0.7455 | 0.5613 | 0.5616
4 0.7778 0.8438 | 0.6696 | 0.7812 0.7212 | 0.5383 | 0.5427
5 0.7816 0.8392 | 0.7054 | 0.7670 0.7349 | 0.5498 | 0.5512
6 0.7510 0.8343 | 0.6786 | 0.7238 0.7005 | 0.4877 | 0.4885
7 0.8008 0.8815 | 0.7500 | 0.7778 0.7636 | 0.5915 | 0.5918
8 0.7778 0.8858 | 0.7054 | 0.7596 0.7315 | 0.5424 | 0.5435
9 0.7893 0.8781 | 0.7321 | 0.7664 0.7489 | 0.5675 | 0.5679
0.7838 0.8597 | 0.7080 | 0.7695 0.7372 | 0.5542 | 0.5559

Mean

Std 0.0133 0.0176 | 0.0265 | 0.0187 0.0175 | 0.0277 | 0.0275
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The outcomes of a 10-fold cross-validation test for a machine learning model are
shown in the table. Cross-validation involves splitting the data into several folds (in
this case, 8) and testing the model's performance on various combinations of these
folds. Several typical machine learning performance metrics are included in the table:
Accuracy: The proportion of cases accurately classified out of all instances. AUC
(Area under the ROC Curve): The AUC (Area Under the ROC Curve) measures a
model's ability to distinguish between positive and negative cases. Recall: The
percentage of accurately detected true Precision: The percentage of expected positive
cases that came to pass. positive cases. Fl-score: The harmonic the average of
precision and recall provides a balanced estimate of both. Kappa: Cohen's Kappa, an
inter-rater agreement metric that takes random agreement into consideration.

Comparison Tables:
Here are a few comparison tables that compare the current work with previous work,

highlighting key differences and advancements:

Table 3: Comparison of Methodologies

Feature Previous Work Current Work Advancements
Data Input EEG signals EEG signals
Feature Wavelet Powerspectral density, | Inclusion of
Extraction transforms, attentionand meditation | attention and
power  spectral | indices meditation indices
density
Classifiers Random Forests, | LightGBM,XGBoost, Comprehensive
SVM, individual | Extra Trees, Random Comparisonof
classifiers Forest, Gradient Ensembleand
Boosting, AdaBoost, individual
Decision Trees, K- classifiers
Nearest Neighbors,

Logistic Regression,
Ridge Classifier, Linear
and Quadratic
Discriminant Analysis,

SVM
Evaluation Accuracy Accuracy, AUC, | Use of a wider
Metrics Precision, Recall, F1- | range of evaluation

Score, Kappa, MCC metrics
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Real-time Limited Detailed discussion Emphasis on real-
Processing discussion time processing
requirements
Table 4: Comparison of Classifier Performance:
Classifier Type | Previous Work Current Work Observations
Ensemble Promising results LightGBM, performance
Methods XGBoost, Extra | confirmed and
Trees show superior | quantified
performance
Individual Potential shown by | Performance varies; | Wider range of
Classifiers SVM, Random | some (e.g., Decision | individual classifiers
Forests Trees, KNN) are | evaluated with
reasonable, others | varying degrees of
(e.g., Logistic | effectiveness
Regression, Naive
Bayes) are poor
Boosting AdaBoost used Gradient Boosting, | Broader evaluation
Techniques AdaBoost of boosting
evaluated; Gradient | techniques
Boosting performs
well

7. Proposed System Architecture

7.1 System Overview
The proposed system is designed for real-time drowsiness detection. It consists of

three main components:

1. Data Acquisition Unit: Utilizes EEG sensors to continuously monitor brain
activity.
2. Processing Unit: Includes preprocessing, feature extraction, and
classification modules.
3. Alert Mechanism: Provides real-time alerts to the driver via auditory or
visual signals.
7.2 Workflow Diagram

A detailed flowchart (Fig. 1) illustrates the step-by-step process—from EEG signal
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acquisition to real-time alert generation. This modular design ensures that each
component can be independently optimized for speed and accuracy.

7.3 Integration and Scalability

The system is designed to integrate seamlessly with existing vehicle safety systems.
Scalability is achieved by using cloud-based processing for non-real-time analytics
and local edge processing for immediate alerts.

8. Detailed Analysis of Feature Selection

8.1 Importance of EEG Frequency Bands
Each EEG frequency band provides unique insights into cognitive states:

e Delta and Theta: Typically increase during drowsiness.

e Alpha and Beta: Associated with relaxed and alert states, respectively.

e  Gamma: Correlates with higher cognitive functions.
8.2FeatureEngineeringTechniques

Advanced signal processing methods are used to extract robust features. Techniques
include time-frequency analysis and wavelet transforms, which enhance the
discriminative power of the features.

8.3CorrelationandRedundancyAnalysis

Correlation analysis between extracted features ensures that redundant information is
minimized. This step is critical for improving the model’s training efficiency and
reducing overfitting.

9. Comparative Evaluation and Cross-Validation Results

9.1Cross-ValidationMetrics

The 10-fold cross-validation results indicate consistent performance across different
data splits. Key metrics such as accuracy, precision, and F1-score are reported along
with confidence intervals.

9.2 Model Ranking
Based on the aggregated metrics, the ranking of models is as follows:
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1. LightGBM
2. XGBoost
3. Extra Trees
4. Random Forest
5. Gradient Boosting
6. K-Nearest Neighbors
7. Decision Tree Classifier

8. Logistic Regression, Ridge Classifier, LDA, QDA, SVM, Dummy, and
Naive Bayes

9.3 Discussion on Generalizability

The cross-validation results demonstrate that ensemble models generalize well to
unseen data, a critical factor for practical deployment in real-world driving scenarios.

10. Case Studies and Application Scenarios

10.1 Controlled Environment Testing

In a controlled testing scenario, the EEG system demonstrated a rapid response to
early signs of drowsiness. Drivers were alerted with ample time to take corrective
measures.

10.2 Real-World Implementation

Preliminary trials in actual driving conditions have shown that the system maintains
high performance despite variable road and environmental conditions. The integration
of adaptive learning methods further improves its accuracy in diverse situations.

10.3 Comparative Analysis with Traditional Methods

When compared to camera-based monitoring systems, EEG-based detection provides
a more direct and reliable measure of the driver’s cognitive state. This leads to earlier
detection and reduced false alarms.

11. Discussion on Real-Time Processing Requirements
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11.1 Algorithmic Efficiency

Real-time drowsiness detection requires algorithms that are both fast and accurate.
Ensemble methods, while computationally intensive during training, are optimized for
rapid inference during deployment.

11.2 Hardware Considerations

The processing unit must be capable of handling high-frequency EEG data streams.
This study discusses the trade-offs between local edge processing and cloud-based
analytics to meet real-time constraints.

11.3 Energy Consumption and System Reliability

Energy efficiency is critical in vehicular applications. The proposed system is
designed to minimize power consumption while maintaining high processing speeds
and reliability, ensuring that alerts are generated promptly even in resource-
constrained environments.

12. Conclusion

This study demonstrates that EEG-based driver drowsiness detection systems, when
coupled with advanced machine learning classifiers, offer a promising solution for
enhancing road safety. Ensemble methods such as LightGBM, XGBoost, and Extra
Trees have shown superior performance in differentiating between alert and drowsy
states. While challenges remain in terms of real-time processing and handling
individual variability, the proposed system architecture and comprehensive evaluation
indicate significant potential for practical deployment. Future work should focus on
adaptive learning and integration with multi-modal sensor data to further improve
system reliability and efficiency.

13. Recommendations for Future Research

e Adaptive Model Tuning: Develop adaptive algorithms that adjust
parameters in real time based on driver-specific EEG patterns.

e  Multimodal Integration: Combine EEG data with other biometric inputs
(e.g., heart rate, eye tracking) for more robust detection.
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Enhanced Signal Processing: Explore advanced noise reduction and artifact
removal techniques to improve signal quality in real-world conditions.

User-Centric Design: Focus on designing non-intrusive and comfortable

EEG sensor systems to encourage widespread adoption.
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Open Access This chapter is licensed under the terms of the Creative Commons Attribution-
NonCommercial 4.0 International License (http://creativecommons.org/licenses/by-nc/4.0/),
which permits any noncommercial use, sharing, adaptation, distribution and reproduction in any
medium or format, as long as you give appropriate credit to the original author(s) and the
source, provide a link to the Creative Commons license and indicate if changes were made.

The images or other third party material in this chapter are included in the chapter's
Creative Commons license, unless indicated otherwise in a credit line to the material. If material
is not included in the chapter's Creative Commons license and your intended use is not
permitted by statutory regulation or exceeds the permitted use, you will need to obtain
permission directly from the copyright holder.
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