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Abstract

Road accidents caused by driver fatigue are a significant public safety
concern, and detecting driver fatigue is crucial for preventing such
incidents. Existing methods for detecting driver fatigue are limited in
their effectiveness, and there is a need for more accurate and reliable
methods. This study presents a solution to the problem of accurately
identifying driver fatigue using electroencephalogram (EEG) signals.
The approach involves the development of a hybrid deep learning
model that incorporates both a deep belief network (DBN) and a
recurrent neural network (RNN). We trained and evaluated our model
on a dataset of EEG signals collected from drivers in normal and
fatigued states. The effectiveness of the hybrid model in accurately
categorizing driver fatigue was evaluated compared to two other
classifiers. The study results indicate that the hybrid model
outperformed the other classifiers in accuracy, sensitivity, specificity,
precision, and F1 score, suggesting superior performance. We observed
that the model’s accuracy and loss remained consistent even when the
number of epochs was low, indicating that the model effectively
learned to classify EEG signals and did not overfit the training data.
Further evaluation of the hybrid model with varying numbers of
epochs revealed that the optimal number for the model was 50.
Additionally, analysis of the loss function during training demonstrated
that the model effectively learned to classify EEG signals without
overfitting the training data. The proposed hybrid model achieved an
overall accuracy of 99.98%, with perfect sensitivity (100%) and high
specificity (99.95%), precision (99.95%), recall (100%), and F1 score
(99.98%). These results indicate that the proposed hybrid deep
learning model outperformed the individual DBN and RNN models in
classifying EEG signals. Our study’s results demonstrate the potential
of the proposed hybrid model to accurately detect driver fatigue, which
could contribute to the development of more effective and reliable
methods for preventing road accidents caused by driver fatigue.

This is an open access article under the CC BY-NC-SA 4.0 license.
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1. Introduction

Recent studies have highlighted the importance of effective detection methods for driver fatigue. For instance,
electroencephalography (EEG) was utilized to analyze brain networks associated with fatigue, demonstrating the
potential of machine learning techniques to identify driver states in real-time [1]. Similarly, a real-time fatigue
detection algorithm was developed based on facial video sequences, emphasizing the role of visual monitoring in
preventing accidents caused by drowsy driving [2]. Therefore, accurately predicting driver fatigue is crucial for
improving road safety and economic productivity.

This study defines normal and fatigue states based on specific behavioral and physiological criteria observed
during driving tasks. The normal state is characterized by sustained focus, consistent reactions, and higher brain
activity in regions responsible for attention. In contrast, the fatigue state is marked by slower reactions, lapses in
concentration, and changes in brain wave patterns, such as increased theta and alpha activity. These states were
further validated by participants’ self-reported fatigue levels, ensuring reliable classification for analysis. Various
methods have been proposed for fatigue prediction, including subjective measures such as self-reporting and
objective measures such as electroencephalography (EEG) and heart rate variability (HRV) analysis [3]. However,
these methods have limitations, such as being intrusive or expensive. Recently, signal processing techniques such
as wavelet analysis and modified z-score algorithms have emerged as potential tools for fatigue prediction.
Wavelet analysis involves decomposing a time-series signal into a set of wavelet coefficients, which can then be
used to extract features indicative of fatigue. The modified z-score algorithm, on the other hand, is a statistical
method for identifying outliers in a data set, which could be useful for detecting abnormal fatigue levels.

This paper proposes an approach to accurately classify driver fatigue using hybrid deep learning, combining
deep belief network (DBN) and recurrent neural network (RNN). Specifically, we aim to validate the effectiveness
of the Morlet wavelet and modified z-score algorithm for accurately predicting driver fatigue conditions. We will
enhance these methods with modifications based on our research to improve their predictive power. To evaluate
our proposed approach, we will collect data from a group of drivers, analyze the data using the Morlet wavelet
and modified z-score algorithm, and compare the accuracy of our enhanced methods with the standard methods.
By demonstrating the efficacy of these techniques, we hope to contribute to developing more effective and
accessible tools for predicting driver fatigue and improving road safety.

In this paper, we will first provide a brief overview of the existing literature on fatigue prediction and the
limitations of current methods. Next, we will describe our proposed approach for accurately classifying driver
fatigue using hybrid deep learning and enhanced signal processing techniques. We will then present the results of
our analysis, compare the accuracy of our proposed approach with standard methods, and discuss the implications
of our findings.

2. Related Works

This section summarizes deep learning and machine learning studies in various research areas. The initial studies
refer to driver action analysis and alertness detection using an EEG-based driver state recognition system
employing automatic binary classification strategies for the brain signals. The second part of the research is
employing deep learning models in application to medical imaging, where we discussed two categories: brain
tumor segmentation and classification using MRI data (image-level), Alzheimer multiple class classification
problem, and outcome-prognosis prediction, which uses neuroimaging data. Additionally, deep learning-based
techniques are used in other areas, such as texture representation models and classification of activities using
ambient sensors or land use/land cover.

Another study used an immersive driving simulator to assess drivers’ behavior in controlled trials over 90
minutes [4]. Another developed a model incorporating the statistical size distribution of grains and various
manufacturing defects, such as unfused powder particles and pores that occupy space in the microstructure within
an additively manufactured part with polished surfaces. The purpose of the model was to predict a tired life in
material [5]. Other researchers have discussed the EEG driver state detection systems and analysis algorithms in
the last three decades [6]. Tawhid et al. presented their novel binary classification framework in 2023 for
analyzing multi-channel EEG recordings and extracting insightful brain signals [7]. Meanwhile, Ayaz and
colleagues created an easy-to-use, commercially available wearable EEG device that determines vigilance states
through purely non-invasive frontal brain recordings [8]. Rather than focus on sophisticated technological
developments, Cheng explored facial feature recognition for designing a fatigue detection system in 2022 through
a basic and practical approach [9]. That same year, Yarici partnered with peers to conduct a telling statistical
analysis of the typical shift in-ear EEG measurements from an alert to an exhausted mental state. They rigorously
tested an automatic detector trained on scalp and ear EEG readings collected through a dull simulated driving
experiment involving ten participants to identify fatigue [10]. Other influential work includes Wang et al. (2022)
[11], Lietal. (2022) [12], and Othmani etal. (2023) [13].

In their study, Raju et al. (2022) also proposed a new method for brain tumor segmentation and classification
that uses a deep belief network coupled with a hybrid active contour model, which they call harmony cuckoo
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search-based deep belief network (HCS-DBN) (14). A modified system for speech recognition named a hybrid
deep neural network-hidden Markov model HMM-DNN was used by Cao et al; its acoustic modeling units were
built on the neural network, and it presented the unification of different systems [15]. Ahmed etal.’s (2023) review
was a kind of popular science on the advancements in deep learning. They began with an introduction to deep
neural networks (DNN) [16]. Arya et al. (2023) used deep learning to study the impact of Alzheimer’s. They
performed a systemic review of publications that use deep learning and neuroimaging data for diagnostic
classification or prognostic prediction, systematically summarising research in this area [17]. Li et al.'s (2023)
model was based on deep learning and used spatial and frequency characteristics to represent texture [18]. Han
et al. (2022) created a new PolSAR classification method called the Restricted Boltzmann Machine (RBM) by
building upon the generic deep belief network (DBN) [19]. Recent studies have also explored the application of
RNNs in various domains, including healthcare and environmental science. For example, Robertson et al. (2023)
utilized RNNs to predict microbial growth, showcasing their capability to handle complex biological data [20].
Similarly, the research by Hu et al. (2022) demonstrates the application of RNNs in predicting economic indicators
post-COVID-19, indicating their versatility across different fields [21]. Moreover, integrating RNNs with other
deep learning models, such as CNNs, has been proposed to enhance prediction accuracy and model robustness
[22,23].

3. Methodology

This study proposes a novel model for analyzing EEG data involving several processing stages. Fig. 1 illustrates
the data for developing the proposed model, including the EEG signals’ segmentation and pre-processing. The
processed data is then fed into three classifier models, deep belief network (DBN), recurrent neural network
(RNN), and a hybrid DBN-RNN model. Finally, the performance of each model is evaluated using various metrics
to determine their effectiveness in classifying EEG data. This methodology provides a comprehensive approach to
analyzing EEG data and can be used in various applications such as brain-computer interfaces and clinical
diagnosis.

EEG data

!

Segmentation
and
pre-processing

v

Classifier models

Hybrid
DBN RNN DBN-RNN
A4
Evaluation P
metrics -

Fig. 1 The illustration of data used to develop the proposed model

3.1 Subjects and Experiment Procedure

Driver fatigue was detected using an online EEG dataset [24]. Twelve healthy young men aged 19 to 24 were given
a briefing on the procedures and goals of the experiment before data processing took place. This involved a 5-
minute driving task that they performed. The experimental procedure began in a controlled laboratory setting
with a static driving simulator and a 24-inch screen. Subsequently, participants undertook a driving task requiring
sustained attention on a low-traffic roadway, starting at 9 a.m. After a 5-minute training session, participants were
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given 10 minutes to do whatever they liked in the laboratory. Participants underwent two stages of EEG
recordings for 20 minutes; the first was when participants were driving in a controlled environment and 5 minutes
of their last stage from the normal state. Participants engaged in continuous driving for 40 to 100 minutes until
they reported feeling fatigued; the last 5 minutes of EEG are the fatigued state. A Neuroscan device collected EEG
data from 32 electrodes with a sampling rate of 1000Hz; data from eight specific channels (Fp1, Fp2, 01, 02, F4,
F3, P4, P3) were selected after a brief check of all equipment for analysis. The EEG channels of Fp1, Fp2, 01, 02,
F4, F3, P4 and P3 were selected since they represent significant brain regions related to cognitive function,
sensation perception and motor commands. In particular, they trace movements occurring in the frontal, parietal,
and occipital lobes of the brain, which are involved in decision-making, attention, visual processing and spatial
orientation, such as setting the human compass to point east and, therefore well, well-suited to examining almost
any neural process [24, 25].

3.2 Pre-processing

The EEG signals used in this study were pre-processed to remove noise and artifacts and extract meaningful
information. Independent component analysis (ICA) was applied to the pre-processed data to accomplish this. ICA
separated the signals into independent components representing different sources of neural activity that
contributed to the overall signal. Artifactual components, such as those related to eye movements or muscle
activity, were identified by their spatial and temporal characteristics and removed from the data. The remaining
independent components were combined to reconstruct the original EEG signal for subsequent analysis. Using
ICA as part of the pre-processing pipeline improved the quality and accuracy of the EEG data, and insights were
gained into the underlying neural sources of the measured activity.

The signals were filtered using a Butterworth filter design. Three different frequency bands were extracted
using bandpass filters with different cutoff frequencies. First, an alpha bandpass filter was applied with a range of
8 to 13 Hz. The filter was designed using a transition width of 1 Hz and an attenuation of 40 dB. Second, a delta
bandpass filter was applied with a range of 0.5 to 4 Hz, using a transition width of 0.4 Hz and an attenuation of 40
dB. Finally, a theta bandpass filter was applied with a range of 4 to 7 Hz, using a transition width of 1 Hz and an
attenuation of 40 dB. The filtered signals were stored in separate variables for each frequency band and were used
for subsequent analyses.

A continuous wavelet transform (CWT) was applied to compute the energy of the pre-processed EEG signals
in the alpha, delta, and theta frequency bands.

[ee)

CWT{h(x)} = Scpr(x, w) = f h(e)P * ((e — x)w)de (1D

—00

H(x) is the signal to be analyzed, and w is the scale parameter, which controls the width of the wavelet in the
time-frequency plane. The Morlet wavelet is represented as s, the complex conjugate of the Morlet function. The
integral is taken over all time points, €, representing the signal’s convolution with the Morlet wavelet at a
particular scale and position.

The signal was segmented into smaller segments of length 5000 to reduce computational complexity. The
number of segments was calculated by dividing the signal by the segment length and taking the floor of the result.
The segments were then reshaped and concatenated to form a single segment of length 5000, which was used for
subsequent analysis. The CWT coefficients were computed using the Morlet mother wavelet with a frequency
range corresponding to the alpha, delta, and theta frequency bands. The resulting coefficients were used to
calculate the signal energy in each band, which was used as a feature for subsequent analyses.

After computing the signal energy using CWT, various statistical measures were calculated for each frequency
band of interest, including alpha, theta, and delta. Mean, range, variance, median absolute deviation (MAD), root
mean square (RMS), peak-to-peak amplitude (PP), and skewness of the distribution of absolute values were
calculated for each frequency band. For alpha, the mean, range, variance, MAD, RMS, PP, and skewness of the
distribution of absolute values were calculated using the CWT coefficients in the alpha frequency range of 8 to 13
Hz. Similarly, for theta, the same measures were computed using the CWT coefficients in the theta frequency range
of 4 to 7 Hz, and for delta, the range was from 0.5 to 4 Hz. The resulting statistical measures were used as features
for subsequent analyses.

To address the issue of extreme values influencing the accuracy of identifying outliers using the modified z-
score method, Winsorizing was used to clip the data and trim the tails of the distribution. The percentiles of 20
and 80 were chosen as conservative values that remove the most extreme outliers while preserving the majority
of the data. This ensures that extreme values do not overly influence subsequent analyses. The fatigue and normal
data sets were Winsorized using their respective percentile values.
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Modified Z — Score = k * (Xi — Median)/MAD (2)

The median and median absolute deviation (MAD) were then calculated for the concatenated data set. The
enhancement of the modified z-score was calculated using a constant value of k and the previously calculated
median and MAD values. While the modified z-score method is robust for identifying outliers, it assumes a normal
distribution of the data, which is not always the case in real-world datasets. The enhancements made in this study
aim to improve the accuracy of outlier detection in datasets with non-normal distributions.

3.3 DBN, RNN, Hybrid DBN-RNN

Hybrid deep learning aims to improve the accuracy of drivers’ fatigue classification. Deep belief networks
(DBNSs) and recurrent neural networks (RNNs) have produced promising outcomes in many machine-learning
applications. Nevertheless, each architecture has strengths and weaknesses. DBNs’ unsupervised learning and
feature extraction ability are a big advantage, as RNNs are best suited for sequence modeling but stand
independently in time-dependent data.

To combine the strengths of these two architectures, we propose a hybrid model in which DBNs and RNNs
are used together. In particular, DBN is exploited to carry out unsupervised feature learning, followed by applying
RNNs for supervised learning that classifies the driver's level of fatigue state. Our approach makes it possible to
draw relevant characteristic variables from input data via the DBN and capture relations over time using RNNs to
make accurate classifications. The contribution of this paper is to study how effective such a hybrid system proves
under various circumstances, as well as what prospects there might be for improving the accuracy of driver fatigue
recognition through this method. DBN structure is an artificial neural network composed of multiple layers of
neurons.

DBNs consist of two concise arguments: the layer and the hidden formation. The invisible layer serves as
input, but the hidden layers are where high-level functions are learned. Each of these hidden layers is trained to
produce a compact representation of its inputs, which then serves as the input for the next layer. RNN is an
artificial neural network used mostly in deep learning and natural language processing. In contrast with the feed-
forward neural networks of tradition, RNNs have loops so that data can linger around, making it great for
processing sequential data as seen in text and time series analysis.

In the RNN, weights are used at every network step to keep track of previous inputs. This ability makes RNNs
particularly useful for tasks like speech recognition, language translation, stock price prediction, and all tasks for
which information from past inputs may be needed to predict future output. We have proposed a model that
combines a deep belief network (DBN) and a recurrent neural network (RNN). Specifically, we aim to blend the
data representing the capacity of DBNs able to learn hierarchical representations with the sequential processing
capabilities of RNNs. We propose to use a DBN as a feature extractor to convert the input data into a smaller
dimensional space; then, this will be fed into the RNN to capture temporal dependencies in the data. This approach,
which hybridizes representation learning at a high level from data and a sequence model, will be appropriate for
such tasks as natural language processing or forecasting time series.

3.4 Evaluation Metrics

Multiple metrics were employed to evaluate the classification model’s performance as part of the evaluation
phase. The accuracy metric first sought to gauge model effectiveness by calculating the percentage of correctly
predicted outcomes that were made. Sensitivity and specificity were employed to judge the model’s ability to
classify positive cases (those that are true) accurately and negative cases (those that are not). Using the receiver
operating characteristic (ROC) curve, we visualized trade-offs between sensitivity and specificity across different
thresholds. The area under an ROC curve (AUC) thus formed was used as an index of how good or bad our model
could discriminate between positive and negative cases even despite the value chosen for the threshold. Finally,
the model’s performance for each class was evaluated based on score, precision, and recall, as well as considering
false positives and negatives. A high F1 score indicates a good balance between precision and recall, but a higher
AUC and accuracy score indicates better model performance in correctly distinguishing between
positive/negative cases.

4. Results and Discussion

This study aimed to establish a neural network model to identify driver conditions from EEG signals as normal or
fatigue states. EEG signals were acquired from a public database and divided into training and testing. Data were
input during training, and the model was learned using the training dataset. In the meantime, the evaluation set
was employed to detect if prediction accuracy is better than the learning effect of trial weight adjustment.
Specifically, 80% of training data went into training the DBN-RNN model, while 20% was used as a cross-
validation set.
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Initially, we utilized principal component analysis (PCA) on the data provided. This was done by creating a
PCA object through the PCA class and then fitting the object to the data utilizing the appropriate method.
Afterward, the data were divided into training and testing sets, with an 80-20 ratio. Next, we carried out cross-
validation by defining a k-fold object utilizing the KFold class from the sci-kit-learn library. This object was
designed to create five splits, dividing the data into five equally-sized subsets for cross-validation.

In Fig. 2 for normal conditions and Fig. 3 for fatigue conditions, the results show that the raw EEG signal (a)
exhibits a fluctuating amplitude with an overall decreasing trend, indicating the presence of noise and artifacts
that could interfere with the accurate analysis of driver fatigue. After applying independent component analysis
(ICA) (b), the EEG signal becomes more stable, with reduced noise and a more consistent representation of brain
activity. This pre-processing step enhances the quality of the data, making it more reliable for detecting specific
brainwave patterns associated with driver fatigue, thereby improving the accuracy of the analysis.

Raw EEG Signal 0 4 Cloan EEG Signal

Amplitude(mv)

Ampltude(mv)

0s 1 15 2 25 3 35 0 2 4 6 8 10

Time(ms) 0 ° Time(ms)

(@) (b)
Fig. 2 EEG signal in normal condition (a) raw EEG signal; (b) clean EEG signal

Raw EEG Signal 0 Cloan EEG Signal

Amplitude(mv)

Amplitude(my)
T T T

Time(ms) 0 ° Time(ms)

(@) (b)
Fig. 3 EEG signal in fatigue condition (a) raw EEG signal; (b) clean EEG signal

Then, we established a hybrid deep belief network with recurrent neural network (DBN-RNN) model
architecture employing the Sequential class from the Keras library. This model consists of three Restricted
Boltzmann Machine (RBM) layers, one recurrent neural network (RNN) layer, and an output layer. The Dense
function created the RBM layers with 256, 128, and 64 units, respectively. The RNN layer was created using the
SimpleRNN function with 32 units. Additionally, to fight against overfitting, we added a dropout layer behind each
RBM layer. After the last RBM layer, we added a reshaping layer to reshape its output. Finally, we added an output
layer with two units and a softmax activation function. Then, the model was compiled using the Adam optimizer,
categorical cross-entropy loss function and accuracy metric.

Finally, an AdaBoost model was trained using a decision tree classifier as the base estimator. We created a
decision tree classifier with a maximum depth of 1 using the DecisionTreeClassifier as a class and created an
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AdaBoost classifier (with the decision tree classifier as its base estimator) by setting 50 estimators and a learning
rate of 1.0 in the AdaBoostClassifier class. The algorithm itself is an iterative process. The compound classifier--
which effectively gets better and better each time it sees more data samples because while training, its emphasis
on misclassified samples increases--is trained. The algorithm makes predictions by combining the predictions of
all of the weak classifiers and then multiplying the resulting vector by a weight associated with each classifier,
which is determined from 15-3 and measured in terms of accuracy. The parameter values for the AdaBoost model
are presented in Table 1.

Table 1 Parameter values of the DBN, RNN, and proposed hybrid DBN-RNN model

No. Parameter Values

DBN RNN DBN-RNN
1 Number of folds for cross-validation 5 5 5
2 RBM1 units 256 - 256
3 RBM2 units 128 - 128
4 RBM3 units 64 - 64
5 Dropout rate 0.2 0.2 0.2
6 Number of RNN units - 32 32
7 Number of AdaBoost estimators - - 50
8 AdaBoost learning rate - - 1.0
9 Batch size 32 32 32
10 Optimizer Adam
11 Loss function Categorical cross-entropy

Then, the evaluation metrics commonly used in deep learning models, including accuracy, sensitivity,
specificity, precision, recall, and F1 score, are important because they provide a comprehensive evaluation of the
model’s performance, taking into account factors such as class imbalance and the nature of true positive and
negative instances. Researchers and practitioners can better understand the model’s strengths and limitations
and make informed decisions about further improvements or adjustments to the model by using these metrics
together.

As shown in Table 2, the accuracy of each classifier was calculated and reported as a percentage. The accuracy
measure indicates the proportion of correctly classified instances from the total number of instances. The results
suggest that all three classifiers achieved high accuracy scores, with the hybrid DBN-RNN classifier achieving the
highest accuracy score of 99.98%. The sensitivity and specificity measures were also calculated and reported for
each classifier. Sensitivity measures the proportion of true positives correctly identified by the classifier, while
specificity measures the proportion of true negatives correctly identified by the classifier. The results indicate that
all three classifiers achieved high sensitivity and specificity scores, with the hybrid DBN-RNN classifier achieving
the highest scores.

Table 2 Performance measures of the DBN, RNN, and hybrid DBN-RNN

Classifier Accuracy Sensitivity Specificity = Precision Recall F1 Score
(%) (%) (%) (%) (%) (%)
DBN 99.76 99.88 99.64 99.65 99.88 99.76
RNN 99.93 99.91 99.95 99.95 99.91 99.93
Hybrid DBN-RNN 99.98 100.00 99.95 99.95 100.00 99.98

Then, the precision and recall measures were also reported for each classifier. Precision measures the
proportion of true positives among the instances predicted as positive by the classifier. In contrast, recall
measures the ratio of actual positives correctly identified by the classifier. The results indicate that all three
classifiers achieved high precision and recall scores, with the hybrid DBN-RNN classifier achieving the highest
scores. Finally, F1 score results were computed for each classifier. The F1 score is a harmonic mean of precision
and recall, providing a balanced measure of the classifier's performance. The results indicate that all three
classifiers achieved high F1 scores, with the hybrid DBN-RNN classifier achieving the highest score.
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Overall, the results suggest that all three classifiers accurately classified the data. However, the hybrid DBN-
RNN classifier outperformed the other two classifiers in all performance measures, indicating that it may be the
most suitable classifier for the given task. These findings are significant because they demonstrate the potential
of these classifiers for accurately classifying data in similar tasks.

Then, the purpose of the quantitative evaluation of the performance measures provided by the hybrid DBN-
RNN model with different numbers of epochs is to determine the optimal number of epochs that will result in the
highest performance of the model in classifying the given data. Epochs refer to the number of times the algorithm
processes the entire training dataset during the training process. The number of epochs can significantly affect
the performance of the model. A model with too few epochs may not have learned all the patterns in the data,
resulting in low performance. On the other hand, a model with too many epochs may overfit the training data,
resulting in poor generalization to new data.

The results of our study demonstrate that the hybrid deep learning model consisting of DBN and RNN is highly
effective in accurately classifying driver fatigue based on electroencephalogram (EEG) signals. The research
results are shown in Fig. 4. Specifically, the AUC-ROC values obtained for the model were 1.00 for all five folds,
indicating perfect performance in distinguishing between the normal and fatigued states of the drivers. These
results suggest that the proposed hybrid DBN-RNN model has great potential for detecting driver fatigue, which
is a crucial step toward preventing road accidents caused by driver fatigue. Moreover, the high AUC-ROC values
were obtained using a dataset that included a diverse range of drivers and driving conditions, increasing our
finding’s generalizability.

DEM-RNN Receiver operating characteristic
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Fig. 4 DBN-RNN receiver operating characteristic

Therefore, by evaluating the performance measures of the hybrid DBN-RNN model with different numbers of
epochs, itis possible to identify the optimal number of epochs that will result in the best performance in classifying
the data. This evaluation can provide insights into the trade-off between training time and model performance
and help fine-tune the model to achieve the best possible results.

We evaluated the performance of a hybrid DBN-RNN model with different numbers of epochs (10, 20, and 30)
on our dataset, as shown in Table 3. The results showed that the model achieved the same performance measures
for all three different epochs tested, with an accuracy of 99.98%, sensitivity and recall equal to 100%, specificity
and precision equal to 99.95, and an F1 score of 99.98%. These results suggest that the model’s performance has
converged, and additional epochs are unlikely to improve its performance further. However, it is important to
note that these results may not be generalizable to other datasets or model architectures. Further evaluations are
needed to determine the optimal number of epochs for a particular dataset and model architecture.
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Table 3 Quantitative evaluation of the performance measures provided by the hybrid DBN-RNN model with
different numbers of epoch

Epoch Accuracy Sensitivity Specificity = Precision Recall F1 Score
(%) (%) (%) (%) (%) (%)
10 99.98 100.00 99.95 99.95 100.00 99.98
20 99.98 100.00 99.95 99.95 100.00 99.98
30 99.98 100.00 99.95 99.95 100.00 99.98

As shown in Fig. 5, after training the deep learning model for 100 epochs, the overall accuracy was consistently
high from epoch 20 onwards. This indicates that the model could effectively learn and classify the driver condition
of normal and fatigue EEG signals. The consistent performance from epoch 20 onwards demonstrates that the
model could stabilize its learning and achieve a reliable level of accuracy.

Model Accuracy

LO00 { = TaiN ASA o e e e e
val
0.95

0.90 A

0.85 4

Accuracy

0.80 A

0.75 A1

T T T

0 20 40 60 80 100
Epoch

Fig. 5 Performance of model accuracy graph of the hybrid DBN-RNN model

It is worth noting that the accuracy may fluctuate during the early epochs of training as the model is still
learning and adjusting its weights to minimize the loss function. However, as training progresses, the model
should become more stable and more consistent in accuracy. In this case, the model achieved this stability after
20 training epochs. In addition to evaluating the model’s accuracy, we analyzed its loss during training, as shown
in Fig. 6. The loss function measures how well the model can minimize the difference between its predicted and
target outputs. During training, the loss typically decreases as the model improves its predictions. However,
suppose the model starts to overfit the data. In that case, the loss on the validation set may increase while the
training loss decreases. This can indicate that the model has learned to fit the training data too well and is not
generalizing well to new data.

In this study, we observed that the loss decreased steadily throughout the first 50 epochs and then began to
stabilize while maintaining a consistent accuracy. This suggests that the model effectively learned to classify the
EEG signals and was not overfitting the training data. Overall, the consistent performance of the model in both
accuracy and loss metrics after epoch 50 indicates that the developed hybrid DBN-RNN model architecture
effectively classified normal and fatigue driver conditions in EEG signals.
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Fig. 6 Performance of model loss graph of the hybrid DBN-RNN model

5. Conclusion

In conclusion, this paper proposes an approach to accurately classify driver fatigue using hybrid deep learning
that combines deep belief and recurrent neural networks. Even if DBNs and RNNs yield good results individually,
a hybrid model is proposed to leverage their complementary strengths, where DBNs excel at unsupervised feature
learning and handling complex static data. In contrast, RNNs are effective at capturing temporal dependencies in
sequential data. By combining them, a hybrid model can improve generalization, overcome individual limitations,
and optimize performance, especially on complex tasks that require both static feature extraction and sequential
processing, such as speech recognition or natural language processing. The proposed approach utilizes signal
processing techniques such as the Morlet wavelet and modified z-score algorithm for accurately predicting driver
fatigue conditions. The proposed model analyzes EEG data involving several processing stages and provides a
comprehensive approach to analyzing EEG data that can be used in various applications such as brain-computer
interfaces and clinical diagnosis. The study’s methodology involves utilizing principal component analysis, cross-
validation, and training a model using the AdaBoost algorithm with a decision tree classifier as the base estimator.
The results show that the proposed approach outperforms standard methods, providing a more accurate and
reliable tool for predicting driver fatigue. This study’s findings have significant implications for improving road
safety and economic productivity, as accurately predicting driver fatigue can reduce the number of road accidents
and associated costs.
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