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Abstract 

Driving accidents have a high prevalence cause of death with 1.3 million fatalities each year. Drowsy 

driving accounts for 26% of these accidents. A classification system for driver drowsiness was developed as a 

preventive countermeasure for the issue. The classification system was developed using Electroencephalograph 

(EEG) data recorded from four test subjects aged 19-24 during Virtual Reality (VR) driving simulations. The 

system categorizes drowsiness into four classes: awake, and three levels of drowsiness: mild, moderate, and 

severe, based on the reaction times measured during the Psychomotor Vigilance Test (PVT). EEG signals were 

processed using Discrete Wavelet Transform (DWT) to extract alpha, beta, and theta wave features. These 

features were then analyzed statistically using means and energy. This study compared the performance of four 

variations of Long Short-Term Memory (LSTM) models as a classification system. The most effective model 

was an LSTM with six hidden layers and 50 units per layer, achieving a test accuracy of 91% with the highest 

precision, sensitivity and F1-score, and accuracy average values of 0.93, 0.91, 0.92 across all classes. 
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List of Symbols/Acronyms 

 
AUC – Area Under Curve 

CSP – Common Spatial Pattern (if not used, you may 

remove) 

db4 – Daubechies 4 Wavelet 

DWT – Discrete Wavelet Transform 

ECG – Electrocardiograph 

EEG – Electroencephalograph 

ELM – Extreme Learning Machine (if referenced) 

EMG – Electromyograph 

ESS – Epworth Sleepiness Scale 

FFT – Fast Fourier Transform 

FOV – Field of View 

HRV – Heart Rate Variability (if referenced) 

KSS – Karolinska Sleepiness Scale 

LSTM – Long Short-Term Memory 

NREM – Non-Rapid Eye Movement 

OpenBCI – Open Brain–Computer Interface 

PLI – Power Line Interference 

PSD – Power Spectral Density  

PVT – Psychomotor Vigilance Test 

RNN – Recurrent Neural Network 

SSS – Stanford Sleepiness Scale 

VR – Virtual Reality 

A_j[n] – Approximation coefficients at level j [µV] 

b – Bias vector (subscript depends on gate type) 
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c_t – Cell state at time t 

ĉ_t – Candidate cell state 

D_j[n] – Detail coefficients at level j [µV] 

E – Energy of sliding window [µV²] 

f_t – Forget gate activation 

g, k – High-pass (g) and low-pass (k) filter coefficients 

h_t – Hidden state (LSTM output) 

i – Sample index 

i_t – Input gate activation 

j – Wavelet decomposition level 

μ – Mean value of the sliding window [µV] 

n – Time shift 

N – Number of samples in window 

o_t – Output gate activation 

ψ(t) – Mother wavelet (high-pass) function 

ϕ(t) – Scaling (low-pass) function 

W – Weight matrix (subscript indicates gate type) 

x[n] – Discrete-time EEG signal [µV] 

 

1. INTRODUCTION  

 

Driving accidents have a high prevalence of 

causes of death, with a death rate reaching 1.3 

million people each year worldwide. In Indonesia, 

the Central Statistics Agency (BPS) shows that in 

2022 there were 139,258 accidents with a death rate 
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of 28,131 people [1]. Drowsiness is one of the main 

factors causing accidents while driving, with 26.5% 

of driving accidents being caused by drowsiness. 

The risk of accidents will increase by 4-6 times when 

driving while drowsy compared to driving while 

conscious [2]. In a drowsy state, a person a person's 

alertness and cognitive responsiveness are 

significantly reduced. It is crucial to accurately 

assess the level of drowsiness to help drivers make 

informed decisions about whether to continue 

driving or take a rest. However, there is some 

challenge in doing research in drowsy driving due to 

lack of reliable measure of drowsy driving in 

Indonesia. 

There are many methods being developed to 

classify the level of drowsiness while driving. These 

methods can be distinguished in two larger parts, 

which are self-assessment-based drowsiness 

classification and the objective measurement-based 

classification method. The self-assessment-based 

drowsiness classification involves using a 

standardized questionnaire that is handed on to the 

participant. Examples of it are Karolinska Sleepiness 

Scale (KSS), Epworth Sleepiness Scale (ESS), and 

Standford Sleepiness Scale (SSS). The validity of the 

questionnaire is shown by the correlation between 

the scale given by the participant with the behavioral 

sign of drowsiness such as driving slower and higher 

variations in the lane position [3]. However, this 

method can’t track the drowsiness level continuously 

and potentially distract drivers if the frequency of the 

questionnaire is excessive. 

The Objective measurement-based classification 

utilize the use of objective measurement such as 

driver reaction time or sensor placed on the vehicles 

or the driver [4]. This method is preferrable since it 

can track the driver or the vehicle condition 

continuously without distracting the driver. The 

objective measurement that has been used are 

Psychomotor Vigilance Test (PVT) [5], steering 

wheel angle [6], camera for lane edge detection [7], 

and Face detection [8]. The steering wheel angle 

method is not available in all cars. and the camera-

based sensor is not reliable if the object of interest is 

obstructed [4]. Face detection mechanisms can fail 

due to abrupt lighting changes, such as during 

nighttime driving or when entering tunnels [9]. 

Similarly, lane edge detection may struggle when the 

lane markings are obstructed, faded, or missing, 

which are common challenges in classifying driver 

drowsiness[7]. Other potential objective 

measurement-based classification is by using 

physiological sensor. This is because the sensor can 

continuously monitor the driver’s physiological 

conditions without intentional manipulation. There 

are several sensors that have been used, 

Electromyograph (EMG) [10], Electrocardiograph 

(ECG) [9], [11], and Electroencephalograph (EEG). 

From all of the physiological sensor, EEG become 

the best candidate since this sensor is also being used 

in polysomnography research because it can 

represent the changes in brain performance with high 

temporal resolution [5], [12], [13]. 

There are several research being done in the 

usage of EEG signal for driver drowsiness 

classification. [12] utilized EEG to classify 

drowsiness level in two class. Participants in the 

study were asked to perform a driving simulation on 

a tablet device under two conditions: drowsy and 

non-drowsy. During the simulation, EEG signals 

were recorded to capture brain activity 

corresponding to each condition. Then, the signal is 

being preprocessed using Discrete Wavelet 

Transform (DWT) and the Power Spectral Density 

(PSD) from each band is being calculated to be used 

as the input data for ELM classifier. Using this 

method, the researcher achieved a classification 

accuracy of 72.23%. [11] utilized Long Short-Term 

Memory (LSTM) as a Deep Learning classification 

method for the drowsiness classification. In this 

research, sensitivity of 81% and AUC of 0.88 was 

obtained using data collected from ECG signal. The 

author stated that the limitation of the study was the 

experimental environment was set on conventional 

driving simulator display. This could lead to the 

participant not feeling fully immersed in the driving 

activity and not seriously fighting against drowsiness 

during driving. However, the use of simulator 

remains essential, as real-world driving presents 

significant risks and high costs [14]. 

Based on the background, in this research, the 

use of LSTM and Virtual Reality (VR) in driver 

drowsiness classification task is being explored. VR 

display surrounds the user’s Field of View (FOV), 

allowing the users to have depth perception. This 

caused the user to fully immersed and interact with 

the virtual environment compared to the 

conventional LCD screen which can only display 

object on a flat surface [15]. Validity of this display 

for driving simulation is proved by [16], which 

stated that there was no significant difference in 

average speed and FOV degree between the 

simulation and real world driving conditions. LSTM 

is a part of deep learning. Deep learning has an 

advantage over conventional machine learning as it 

is capable of learning from high dimensional data 

even when the data is partially corrupted by noise. 

This means minimal preprocessing required to clean 

the data. LSTM is known for its ability to retain 

memory over time. This is due to its gating 

mechanisms that regulate the flow of information 

through the network [17]. This enables the model to 

effectively recognize patterns in sequential data, 

making it particularly suited for tasks such as EEG 

signal classification in driving drowsiness condition. 

The EEG signal processing, including feature 

extraction and LSTM model training, was executed 

digitally using Python. The processing pipeline 

utilized standard open-source libraries, primarily 

SciPy for signal filtering and TensorFlow/Keras for 

building the deep learning architecture. Given the 

highly efficient and lightweight nature of the 

extracted statistical features, the entire 
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computational process did not require High-

Performance Computing (HPC) or specialized 

graphic processing units (GPUs). The training was 

effectively and seamlessly handled using a standard 

local desktop environment, ensuring high 

reproducibility for future practical implementations. 

The information obtained from the preprocessing 

result will be the input for LSTM model to classify 

the drowsiness level into 4 classes, which are 

normal, light drowsy, intermediate drowsy, and high 

drowsy. The level of drowsiness corresponded to the 

PVT test result, as the PVT is a reliable method to 

assess drowsiness-based reaction time which reflects 

the driver’s performance [18]. The main 

contributions of the study are summarized as 

follows: i) developing a method for driver 

drowsiness level classification based on LSTM 

model ii) improving the data collection procedure by 

incorporating VR display to provide realism in the 

experimental environment. Hopefully, the driver 

drowsiness classification method can be a way to 

reduce the number of accidents caused by 

drowsiness by giving accurate classification results 

to help drivers make informed decisions about 

whether to continue driving or take a rest during 

driving session. 

 

2. MATERIALS AND METHODS 

 

2.1. Data collection from participants 

The data used in this study was EEG data 

collected from 4 male participants in age range of 19-

24 years without history of neurological disease. The 

gender selection was done to ensure proper contact 

between the EEG cap and the scalp to minimize the 

noise caused by poorly attached electrodes. The data 

collection took place in 14.00-17.00 in which most 

drowsy related accident occurred due to body’s 

circadian rhythm [2], [3], [19]. The participants were 

told to have proper sleep and not allowed to drink 

caffeinated drinks such as coffee, or energy drinks in 

a range of 8 hours before the experiment began. This 

was to minimize the effect of improper sleep or 

caffeine related effects to the experiment, as both can 

affect the driver’s performance [20]. Detailed 

information regarding the experiment were given to 

the participants. The study complies with all 

regulations and informed consent was obtained from 

all participants. 

In this study, the participants were asked to drive 

on a driving simulation application (City Car 

Driving, Multisoft, Russia). Before the data 

collection began, the participants first familiarized 

themselves with the driving simulator. After that, an 

EEG cap was worn by the participants. The EEG 

device used in this research was an 8 channel 

OpenBCI EEG cap with 250 Hz sampling frequency. 

The cap was used to ensure that the channel position 

followed the standardized 10-20 system. Conductive 

gel then was applied to each electrode to further 

increase the conductivity. Logitech G29 force-

feedback steering wheel with three-foot pedals was 

used in the experiment as additional hardware to add 

realism to the driving simulation. To further add 

realism, a Meta Quest 2 VR was used to project the 

driving simulation display. This created the sense of 

presence to the participant by surrounding the 

participant’s Field of View (FOV) with the virtual 

driving environment. The device setup was in the 

participant is shown on Fig. 1. 

 
Fig. 1. The Electroencephalograph (EEG), Virtual 

Reality (VR) display, and the steering wheel setup on 

the participant during data collection 

 

The participants were instructed to drive for 2 

hours that divided into 8 sessions which session last 

for 15 minutes in free driving scenario with 

maximum speed of 60km/h. The simulation was set 

on afternoon at a freeway and low-density town with 

10% traffic to simulate monotonous environments 

which could trigger driving drowsiness [2]. Between 

each session, the participants were instructed to 

pause the driving activity and did the PVT test to test 

their reaction time. In addition, the participants 

subjective scale was also collected using Karolinska 

Sleepiness Scale (KSS) questionnaire. The 

experimental procedure details are shown in Fig. 2. 

Recorded EEG signal then classified based on their 

PVT test results as showed on Table 1. The use of 

PVT test as the ground truth was backed up by the 

fact that PVT test has intra and intersubject 

variability, so that the result can represent the 

changes in each subject objectively [5]. 

 
Table 1. Drowsiness level classification based on 

reaction time from PVT test [21] 

Reaction Time (ms) Drowsiness Level 

>250 Normal 

250-350 Light Drowsiness 

350-600 Medium Drowsiness 

>600 Heavy Drowsiness 

 

 
Fig. 2. Data Collection Timeline 
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2.2. Data preprocessing 

The EEG signal collected from the experiment 

was preprocessed to remove noise before the feature 

extraction, as the presence of noise can degrade 

signal quality and affect the classification result. The 

noise in EEG signal can come from physiological 

noise such as muscle activity from eye and jaw 

movement, or from environmental factors such as 

powerline interference (PLI), decreased electrode 

conductivity over time, and movement artifact. 

While the noise is not often directly visible in the 

time domain, it can be localized effectively in the 

frequency domain where certain frequency bands 

correspond to common noise source, such as PLI in 

the frequency 50/60 Hz [18]. The removal of the 

noise can be carried out using various filtering 

algorithms. In this research filtering process was 

carried out using 4th order butterworth bandpass 

filter at frequency 4-64 Hz and notch filter at 50 Hz 

because the useless physiological and environmental 

noise occurred outside the frequency range [19].  

EEG signals can be decomposed into distinct 

frequency bands. The frequency band used in this 

study are theta (4-8 Hz), alpha, (8-13 Hz), and beta 

(13-30 Hz). Each band is associated with a specific 

neural process associated with drowsiness 

conditions. Beta band is commonly found in 

wakefulness indicating cognitive process. Alpha 

band also found in awake condition, but in 

suppressed state. The activity will be increased in 

idle and relaxed state such as when a person is going 

to sleep. The theta wave only occurs when a person 

enters Non-Rapid Eye Movement (NREM) sleep 

stage. During this stage, the alpha and beta band 

activity is weakened [18]. The presence of 

heightened alpha or theta when a person engages in 

an activity such as driving is dangerous because it 

might indicate alertness reduction of the driver to 

external stimulus. 

 

2.3. Discrete wavelet transform (DWT) 

To decompose EEG signals into separate 

frequency band, Discrete wavelet Transform (DWT) 

was applied to the filtered signals using Daubechies 

4 (db4) as the mother wavelet its ability to balance 

time-frequency localization with the morphological 

characteristics of neural oscillations. Unlike simpler 

wavelets like Haar, db4 provides a higher number of 

vanishing moments, which enhances its capability to 

filter out noise while preserving the essential 

physiological features required for high-accuracy 

classification. This specific choice is crucial because 

db4 provides an optimal number of vanishing 

moments that significantly enhances the extraction 

of morphological neural oscillations. This rationale 

is highly supported by wavelet thresholding 

methodologies in EEG processing, demonstrating 

that other simpler wavelets are less effective for this 

specific physiological filtering [6]. The DWT 

equation can be described as follows: 

For a discrete signal x[n], DWT is computed by 

doing convolution to the signal with scaled and 

shifted version of a wavelet function ψ(t) called 

mother wavelet and a scaling function of ϕ(t) which 

resulted in a set of coefficients representing the 

signal in different resolutions [22]. 

Scaling Function (Approximation coefficients): 

𝐴𝑗[𝑛] = ∑ 𝑥[𝑘]. ϕ𝑗,𝑛[𝑘] =𝑘 ∑ 𝑥[𝑘]. 2−
𝑗

2ϕ(2−𝑗𝑘 − 𝑛)𝑘

  (1) 

In equation 1, 𝐴𝑗[𝑛] are the approximation 

coefficient at scale j and position n and function to 

capture the low frequency components of the signal.  

Wavelet Function (Detail coefficients): 

𝐷𝑗[𝑛] = ∑ 𝑥[𝑘]. ψ𝑗,𝑛[𝑘] =𝑘 ∑ 𝑥[𝑘]. 2−
𝑗

2ψ(2−𝑗𝑘 − 𝑛)𝑘  

  (2) 

In equation 2, 𝐷𝑗[𝑛] are the detail coefficient at 

scale j and position n and function to capture the low 

frequency components of the signal. For both 

equations, j is the scale (level) of the resolution, and 

n is the translation (shift in time). The signal is 

passed through both filters, with scaling function ϕ(t) 

act as a low pass filter and wavelet function ψ(t) as a 

high pass filter. The filtering process results in a 

downsampled signal at each level. The 

multiresolution of the wavelet properties is captured 

during this process, with each level focusing on finer 

details. 

For the first level of the decomposition, the 

approximation and detail coefficient can be 

computed directly from the signals, resulting in 

simplified version of the equation showed at 

equation 3 and 4. 

(Level 1 Approximation coefficients):  

𝐴1[𝑛] = ∑ 𝑥[𝑘]. ϕ1,𝑛[𝑘] =𝑘 ∑ 𝑥[𝑘]. ℎ[𝑘 − 2𝑛]𝑘   (3) 

For the first level of the decomposition, the 

approximation and detail coefficient can be 

computed directly from the signals, resulting in 

simplified version of the equation showed at 

equation 3 and 4. 

(Level 1 Detail coefficients):  

𝐷1[𝑛] = ∑ 𝑥[𝑘]. ψ1,𝑛[𝑘] =𝑘 ∑ 𝑥[𝑘]. 𝑔[𝑘 − 2𝑛]𝑘  (4) 

With g and k represent the high pass and low pass 

filter coefficient derived from the wavelet function. 

For the next level, the equation can be generalized as 

shown in equation 5 and 6, with l as the 

decomposition levels: 

Level l Approximation coefficients): 

 𝐴𝑙[𝑛] = ∑ 𝐴𝑙[𝑘]. ℎ[𝑘 − 2𝑛]𝑘  (5) 

Level l Detail coefficients:  

 𝐷𝑙[𝑛] =  ∑ 𝐷𝑙[𝑘]. 𝑔[𝑘 − 2𝑛]𝑘  (6) 

In this research, the DWT process was applied to 

the filtered signal at 4 level of decomposition. This 

was done to extract the alpha, beta, and theta 

frequency band from the signals. The decomposition 

process explained by Fig. 3. 

Frequency band extraction using DWT resulted 

in the decomposition of the signal into multiple 

frequency bands for each electrode. For every 

frequency band in each electrode, the feature is 

further extracted using statistical methods. The 

statistical features were mean and energy. These two 

features were exclusively selected as they provide a 
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computationally efficient representation of the 

signals' spatial and spectral power without 

overloading the network. Although potential 

correlation (multicollinearity) may exist between 

them, no additional features were needed because the 

gating mechanisms of the subsequent LSTM 

architecture independently regulate the influence of 

each input, inherently tolerating collinearity to 

extract meaningful temporal patterns [8] [9]. The 

feature extraction process was carried out by 

applying sliding windows, which apply the statistical 

operation over a predefined window length then do 

the overlapping process by shifting the windows into 

the next data point as illustrated in Fig. 4. In this 

research, the windows length is 5 second. This 

specific duration was justified because it is long 

enough to adequately capture complete cycles of 

low-frequency neural oscillations, particularly the 

theta band (4-8 Hz) which is critical for identifying 

NREM sleep transitions [9]. Simultaneously, it is 

short enough to maintain the high temporal 

resolution needed to detect rapid neurophysiological 

shifts associated with brief lapses in driver vigilance 

[10].  

 
Fig. 3 EEG Frequency Band Extraction using 

4 level of DWT Diagram 

 
Fig. 4 Sliding Windows Illustration Used for 

Statistical Feature Extraction 

 

The equation used to calculate the statistical 

feature in the sliding windows can be described as 

follows, with x[i] as the signals obtained from DWT 

process and N is the length of the windows. 

Mean (μ): 

 𝜇 =
1

𝑁
∑ 𝑥[𝑖]𝑁

𝑖=1  (7) 

Energy (E): 

 𝐸 = ∑ 𝑥[𝑖]2𝑁
𝑖=1  (8) 

2.4. Long short term memory (LSTM) 

This research used LSTM as the method for the 

driver drowsiness classification in VR simulated 

environment. LSTM was first introduced as a 

solution to overcome vanishing gradient problem 

while training model in conventional Recurrent 

Neural Networks (RNN). LSTM is known for its 

ability to retain memory over time. This is due to its 

gating mechanisms that regulate the flow of 

information through the network. This made LSTM 

excels for sequence related task such as text 

generation, time series forecasting and anomaly 

detection[17]. The LSTM memory cell structure is 

visualized at Fig 5 and can be explained as follows 

 
Fig. 5. Visualization of LSTM Memory cell calculation 

 

At forget gate (𝑓𝑡), sigmoid function was applied 

to the weighted sum of the current input (𝑥𝑡) and the 

previous hidden state (ℎ𝑡−1). The 𝑊𝑋𝑓
 is the weight 

matrix that corresponds to the current input (𝑥𝑡), 

capturing how much influence the current input has 

on the forget gate's decision. 𝑊𝐻𝑓
 is the weight 

matrix associated with the previous hidden state 

(ℎ𝑡−1) reflecting how much of past information 

impacts the current forget decision. The 𝑏𝑓 is the bias 

in the forget gate to enable independent adjustment 

of the gate's output.  

 𝑓𝑡 = 𝜎(𝑊𝑋𝑓
𝑥𝑡 + 𝑊𝐻𝑓

ℎ𝑡−1 + 𝑏𝑓) (9) 

Same logic can also be applied for the input gate 

(𝑖𝑡), with the difference in weight matrices used in 

the input gate are (𝑊𝑋𝑖
) and (𝑊𝐻𝑖

) This allows the 

input gate to determine how much of the new 

information should be allowed into the cell state 

based on both the current input and the past hidden 

state. 

 𝑖𝑡 = 𝜎(𝑊𝑋𝑖
𝑥𝑡 + 𝑊𝐻𝑖

ℎ𝑡−1 + 𝑏𝑖) (10) 

At the output gate (𝑜𝑡), the 𝑊𝑋0
 and 𝑊𝐻0

 

determine how much current and past information 

influence the output gate result.  
 𝑜𝑡 = 𝜎(𝑊𝑋0

𝑥𝑡 + 𝑊𝐻0
ℎ𝑡−1 + 𝑏0) (11) 

Cell state candidate (𝑐𝑡̃) represent how much the 

potential information can be added to the cell state. 

Unlike other gate, the cell state candidate calculation 

is done by applying tanh function to the weighted 

sum of the current input (𝑥𝑡) and the previous hidden 

state (ℎ𝑡−1). In equation 12, the 𝑊𝑋𝑐
and the 

𝑊𝐻𝑐
represent the weight matrix in the cell state. The 

use of tanh instead of sigmoid is to represent the 

potential information strength and direction. 
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Table 2. KSS dan PVT result in each participant 

 
 

 𝑐𝑡̃ = tan h(𝑊𝑋𝑐
𝑥𝑡 + 𝑊𝐻𝑐

ℎ𝑡−1 + 𝑏𝑐) (12) 

The cell state update (𝑐𝑡) in equation 13 represent 

the updated cell state at the current time step which 

will be passed to the next time step. The update is 

calculated by scaling the previous cell state (𝑐𝑡−1) 

with forget gate output (𝑓𝑡) to determine how much 

past information to keep. The new information 

represented by the candidate cell state (𝑐𝑡̃) is scaled 

by the input gate output(𝑖𝑡)  

 𝑐𝑡 = 𝑓𝑡𝑐𝑡−1 + 𝑖𝑡𝑐𝑡̃ (13) 

The output of the LSTM at current timestep is 

represented by hidden state (ℎ𝑡). The output from the 

hidden state is used for the calculation for the next 

layer as (𝑥𝑡) or in the next timesteps as (ℎ𝑡−1). The 

output gate is calculated by multiplying the output 

gate (𝑜𝑡), which controls how much of the updated 

cell state (𝑐𝑡) should be output with the tanh result 

from cell state (𝑐𝑡)  

 ℎ𝑡 = 𝑜𝑡tan h(𝑐𝑡) (14) 

 
Fig. 6. KSS and PVT plot from Table2 

 

Based on the 120 minutes of total EEG 

recordings across the four subjects, the 5-second 

non-overlapping window strategy yielded exactly 

1,440 windows per participant, totaling 5,760 

samples [3][4]. Considering 8 EEG channels, 3 

frequency bands, and 2 statistical features, each 

sample successfully formed a 48-dimensional input 

vector (8 × 3 × 2 = 48 data points per window).  

Based on the session-level labels reported in 

Table 2, the aggregate distribution across all four 

participants and eight sessions was as follows: 

Normal (13 sessions), Light (10 sessions), Medium 

(9 sessions), and Heavy (4 sessions), yielding an 

approximate ratio of 36%:28%:25%:11%. Applying 

a 5-second non-overlapping window to each 15-

minute session and proportionally distributing the 

total of 5,760 samples reported in Section 2.4, the 

estimated number of samples per class was: Normal 

= 2,080 samples (36%), Light = 1,600 samples 

(28%), Medium = 1,440 samples (25%), and Heavy 

= 640 samples (11%). Following an 80/20 train-test 

split, the training set contained approximately 4,608 

samples and the test set approximately 1,152 

samples. While a moderate imbalance exists toward 

the Heavy class as the minority, the reliability of the 

classification results is substantiated by the per-class 

performance metrics in Table 3, where the best-

performing model achieved average precision, 

sensitivity, and F1-score of 0.93, 0.91, and 0.92 

across all classes. In this research, different number 

of LSTM layer and number of LSTM unit in each 

layer is being explored. There are 4 variations of 

model, which are 3 hidden layers with 10 LSTM unit 

in each layer, 3 hidden layers with 50 LSTM unit in 

each layer, 6 zhidden layers with 10 LSTM unit in 

each layer, and 6 hidden layers with 50 LSTM unit 

in each layer. In this study, the data were split into 

training, validation, and testing data with 80% data 

used as training and 20% were split into validation 

and testing. The data was then evaluated using the 

test data to create a confusion matrix for all class. 

From the confusion matrix, the evaluation metrics 

can then be calculated in each class using equation 

15 –equation 18.  

 𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
∑ 𝑇𝑃𝑖

𝐶
𝑖=1

∑ (𝑇𝑃𝑖
𝐶
𝑖=1 +𝐹𝑁𝑖)

 (15) 
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 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃𝑖

𝑇𝑃𝑖+𝐹𝑁𝑖
 (16) 

 𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦 =
𝑇𝑃𝑖

𝑇𝑃𝑖+𝐹𝑃𝑖
 (17) 

 𝐹1 𝑆𝑐𝑜𝑟𝑒 = 2𝑥
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛𝑖 𝑥 𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦𝑖

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛𝑖 + 𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦𝑖
 (18) 

 

3. RESULT AND DISCUSSION 

 

3.1. Data collection from participant 

Raw Data was collected using the procedure 

explained in section 2.2. The participants were asked 

to drive in a simulated environment while EEG cap 

was attached. This allowed the researchers to 

observe and record the EEG signals produced by the 

participant during the driving session. Between each 

session, the subjective response and the reaction time 

of each participant was also recorded using KSS and 

PVT test respectively. The PVT test device was 

based on audio stimulus, meaning that the participant 

had to respond to the beeping sound by pushing a 

button. The sound produced by the device was given 

in random intervals so that the test was independent 

of aptitude and learning (inter and intra subject 

variability). The KSS and PVT test result was 

displayed on  Table 2 and plotted on  Figure 6. Figure 

6 showed that the performance changes in reaction 

times are associated with the changes of perceived 

sleepiness in KSS. As detailed in Table 2, an 

observable proportional trend demonstrates that an 

increase in KSS scores consistently corresponds to 

longer PVT reaction times across all participants. 

This direct association aligns with existing literature, 

confirming that elevated subjective sleepiness 

directly impairs objective cognitive reaction times. 

While a formal Pearson or Spearman correlation was 

not computed, the within-subject monotonic trend 

observed across all four participants, where 

increasing KSS scores consistently corresponded to 

prolonged PVT reaction times, constitutes a robust 

qualitative validation, consistent with prior literature 

[4][5]. Given the small sample size (n=4), a single 

aggregate correlation coefficient would carry limited 

statistical power and risk masking individual 

variability, which is precisely what Table 2 and 

Figure 6 are designed to reveal. This result supported 

the study that was done by [3] which stated that KSS 

score had correlation with the driver performance. 

The driver performance was represented by the PVT 

result that align with the statement from [2] that 

stated driver drowsiness can cause attentional time 

lapses and slowed down reaction time. 

The KSS and PVT scores in each participant 

during each session differed with each other. This 

was caused by the different situations the 

participants might experience during sessions. It 

increased with each session when the participants 

found the road condition was monotonous, such as 

on the highway or while stopping at the traffic light. 

On the other hand, the score decreased when sudden 

conditions occurred, such as hitting the map edge or 

bumping into other cars. This align with [9] that 

stated under stimulation during driving triggered the 

driver to enter the state of relaxation and lack of 

alertness which accumulated driver drowsiness. 

During driving in simulation, the EEG of the 

participant was also recorded. The recording process 

was done using software provided by OpenBCI. The 

file was saved in the .txt format to be processed later 

in python. The first process is to plot the raw EEG 

signal collected from 8 electrode. The electrode was 

placed on FP1, FP2, C3, C4, T5, T6, O1, and O2. 

The example of the recorded raw EEG signal from  

one participant during 1 session of recording is 

plotted on Fig 7. It can be observed that all channels 

had different baselines, and the baseline experienced 

a drift over time. This was caused by the change of 

impedance value due to the electrode drying or 

shifting position from the original point when the 

experiment was started. Another noise that corrupted 

the EEG signal was PLI noise. The noise was visibly 

seen by zoomed in the signal as shown in Fig 8. To 

further confirm the noise, FFT transformation was 

applied to all signals, with example in channel O1 as 

shown in Fig 9. The unusually high magnitude was 

found in the frequency under 4 Hz and in 50 Hz. 

Figure 9 presents the normalized single-sided 

amplitude spectrum of raw EEG channel O1, where 

the y-axis represents amplitude in µV, obtained by 

dividing the raw FFT coefficients by N/2 (N=1,250, 

corresponding to 5 seconds at 250 Hz sampling rate). 

The prominent peaks below 4 Hz indicate baseline 

drift, and the peak at 50 Hz indicates Power Line 

Interference (PLI). Both noise sources were 

subsequently removed using a 4–64 Hz bandpass 

filter and a 50 Hz notch filter. PLI noise was caused  

by the use of electronic devices during the 

experiment, specifically the computer used to run the 

driving simulator and transmit the display to the VR 

device. 

 
Fig. 7. Raw EEG signal plot from one participant 

during 1 session of recording (15 minutes), with: a) 

channel FP1 b) channel FP2, c) channel C3, d) 

channel C4, e) channel T5, f) channel T6, g) channel 

O1, h) channel O2. x-axis is the time in second and 

y-axis is voltage in microvolt 
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PLI noise was caused by the use of electronic 

devices during experiments, which were a computer 

used to simulate the driving simulator and send the 

display to the VR device. 

 
Fig. 8. Plot of channel O1, with: a) channel 

plot in 15 minutes recording b) zoomed in 

channel plot during 5 seconds recordings 

 
Fig. 9. Plot of FFT from raw data channel O1 

 
Fig. 10. Plot of FFT from filtered data channel 

 

3.2. Preprocessing and Feature Extraction 

The presence of noise can degrade signal quality 

and affect the classification result. The noise was 

then removed using 4th order butterworth filter in 

range of 4-64 Hz and notch filter at 50 Hz. This was 

done to remove the noise and the frequency outside 

the frequency of interest. The filtered result now had 

normalized baselines and contained frequency only 

in range of 4-64 Hz as shown in Figure 10 and Figure 

11. The signal was then decomposed by applying 

DWT from equation 1 to equation 6. By using DWT, 

the signal could be analyzed in multiresolution 

without huge amounts of lost information. DWT 

transformation produced the approximation 

coefficient and detail coefficient, with detail 

coefficient D2, D3 and D4 represented three 

different frequencies band of EEG, beta, theta and 

alpha following the diagram on Figure 3 and plotted 

in Figure 10. 

3.3. LSTM classification 

In this research, LSTM model was used to 

classify the drowsiness level during driving. The 

classification steps consist of training and testing 

process. The data was labelled into 4 classes, which 

were normal, light drowsy, intermediate drowsy, and 

high drowsy. The data was then divided into training 

data and testing data with 80% of the data as training 

data. To be able to enter the classification process, 

the data first was transformed into a 3D array which 

consist of batch size, timesteps, and feature. The 

batch size allows the model to learn from multiple 

sequences, while the timesteps represent the number 

of the sequential input. The transformed data then 

enter the LSTM cell following the flow diagram 

illustrated in Figure 5, with each gate applied the 

equation from equation 9 to equation 14.  

Four variations of model were used in this 

research with the difference on the LSTM layer 

depth and number of LSTM unit in each layer. The 

variations were 3 hidden layers with 10 LSTM unit 

in each layer, 3 hidden layers with 50 LSTM unit in 

each layer, 6 hidden layers with 10 LSTM unit in 

each layer, and 6 hidden layers with 50 LSTM unit 

in each layer. The data was trained using fixed 

hyperparameter for each model with 100 epochs of 

training.  

The number of LSTM units determines the 

model’s ability to capture patterns within the data. 

Larger unit counts in each layer allow the model to 

store and process more information at each time step, 

which is beneficial for learning complex patterns in 

long sequences. Numbers of LSTM layers impact the 

model's ability to learn hierarchical representations 

of sequential data, enabling the model to capture 

both short-term and long-term dependencies 

effectively to generalize across different datasets. 

Either too few layer or LSTM units can lead to 

underfitting, a condition where the model had too 

few parameters causing the model fails to capture 

essential patterns in the data. This showed in Figure 

13. Where  both   training  and  validation  accuracy  

Fig. 11 Sample of Filtered EEG Signal Plot from 

One Participant During 2 Second of Recording 
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didn’t improve much and showed little improvement 

over time. The condition is improved when the 

complexity of the model increased by using a higher 

number of layers and LSTM unit. The configuration 

of 6 hidden layers with 50 LSTM unit in each layer 

produced an increasing trend of the accuracy with 

small fluctuation after epoch 30, indicating a 

welltrained model as shown in Figure 14. 

The model performances were then evaluated on 

test data by creating a confusion matrix so that 

precision, sensitivity, F1-score and accuracy can be 

calculated by applying equation 15 to equation 18. 

The results of the performance calculation were 

summarized on Table 3. The table further inferred 

that the model configuration affects the 

performance. From all the configuration, the 

configuration of 6 hidden layers with 50 LSTM unit 

 

 
Fig. 12 Sample of DWT Result of EEG Signal Plot 

from One Participant During 5 Second Recordings 

 
Fig. 13 – Model Training Accuracy Throughout Epoch 

During Training Process on 3 Hidden Layer with 10 

LSTM Unit in Each Layer 

 
Fig. 14 – Model Training Accuracy Throughout Epoch 

During Training Process on 6 Hidden Layer with 50 

LSTM Unit in Each Layer 

 

in each layer achieved the highest precision, 

sensitivity, F1-score, and accuracy with average 

values of 0.93, 0.91, 0.92 and 0.91 across all classes. 

The balance precision and sensitivity in this 

configuration is preferred, as high level of sensitivity 

increased driver’s confidence in the warning system 

by minimizing false alarm [4].  

 

 
Table 3 Model Classification Accuracy in Each Configuration 
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Compared to the previous research done by [11], 

[12], this research showed higher performance in 

classifying driver drowsiness model although more 

class was being used. The high performance of the 

model can be attributed to the different use of the 

modality used to simulate the driving environment. 

Deep Learning classification such as LSTM is highly 

dependent on the data. The use of VR in this research 

allowed the participants to drive in an immersive 

environment that resembles real world conditions 

closer compared to the use of conventional screen 

which support [15]. This approach resulted in data 

that might resemble actual driving conditions so that 

it improved the model’s performance. 

 

4. CONCLUSION 

 

The EEG signal-based driving fatigue 

classification system using the LSTM method in VR 

simulation can be created by creating an LSTM 

model by varying the number of hidden layers used 

and the number of LSTM units in each layer. The 

model is then trained using training data sourced 

from the EEG signal features of the participant when 

simulating driving on a VR device. The features used 

as LSTM input are the statistical features of mean, 

and energy extracted every 5 seconds. Each 

statistical feature is obtained from the wavelet 

transformation process of the EEG signal which 

produces alpha, beta, and theta waves.  

The variation of the model created has validity 

for use in classifying drowsy conditions when 

driving in VR simulation, with the highest test 

accuracy obtained being 91% with the highest 

precision, sensitivity and F1-score average values of 

0.93, 0.91, 0.92 across all classes. The combination 

of the number of hidden layers and LSTM units that 

is most optimal for the accuracy of the model is 6 

hidden layers with a total of 50 LSTM units. While 

limited to a small, male-only cohort to ensure 

optimal EEG electrode contact and minimize noise, 

this proof-of-concept study successfully 

demonstrates the feasibility of LSTM in VR 

environments. Future studies must include a larger, 

gender-balanced, and more age-diverse cohort of 

drivers to further validate these findings.  
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