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Abstract 

This paper proposes a system which can prevent drowsy driving. By analyzing brain 

waves measured by NeuroSky MindWave headset, the system can serve to prevent drowsy 

driving. It also provides driver with drowsy driving pattern by accumulating 

environmental elements like weather, temperature, and location, etc. in which the driver 

habitually falls drowsy. By analyzing brain wave data, the system creates a classification 

model based on deep neural network to determine whether the driver is drowsy or not. 

When it determines that the driver is drowsy, it sends alarm to the driver’s smart phone or 

smart watch, or to the device of passenger designated by the driver beforehand. We 

expect that the system will help prevent drowsy driving. 
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1. Introduction 

According to the Korea Highway Corporation, drowsiness driving is the most common 

cause of death by traffic accidents [1, 2]. Currently, while various methods by the Korea 

Highway Corporation are used to prevent drowsy driving such as pinwheel on the 

roadside, banner, siren, and rumble strips, highway drowsiness shelter [2]. However, 

they have limits in the sense that they cannot directly wake drowsy drivers up. And, 

commercialized technologies related with driving assistant system such as the system 

maintaining distance between cars, and the lane departure warning system [3, 4] are the 

services to deal with the results of drowsy driving, and they cannot prevent drowsy 

driving. Therefore, it is important to develop a system which can detect drowsy driving 

immediately and warn the driver of it. 

The previous studies related to drowsiness have been carried out from decades ago [5-

7]. Recently, development of systems to detect drowsiness of driver and warn the driver 

of it has emerged as an important issue in autonomous driving research [8-12]. Recent 

some studies focus on finding the causes of drowsiness and eradicating them, such as the 

essence of drowsiness and characteristics of sleep-related disease patients and effects of 

treatment of those diseases [13-15]. Also, several recent studies have suggested driver 

drowsy detection or warning system using camera [16-21]. These systems recognize the 

blinking pattern of the eyes and the movement of the head through face recognition from 

the camera to recognize the drowsiness. However, camera-based methods have a problem 

that the measurement method is affected by the brightness of the driver's seat. And, there 

are researches on methods using bio-signals such as analysis of characteristics of 

differences in heart beats using ElectroCardioGram(ECG), and brain wave using 

ElectroEncephaloGraphy(EEG) [22-25]. The existing studies using EEG are difficult to 

recognize accurate drowsiness by using eye blink information measured when EEG 

information is measured [25]. 
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This paper suggests a Driver-Waking system (DW system), which can provide driver 

with a system which can detect drowsiness of driver by measuring EEG, and wake driver 

up and the pattern where the driver tends to get drowsy using accumulated EEG data and 

information on the environmental conditions surrounding the driver. If the DW system 

decides that the driver is drowsy by the measurement of alpha wave, beta wave, theta 

wave, and delta wave of brain, it wake the driver up by sending alarm to the driver’s 

smart phone or smart watch, or notifying it to the passenger if the driver is drowsy. EEG 

measured while the driver is drowsy are stored along with other information like weather, 

temperature, location of the car, day and time when the car is driven, and season, and the 

data is used to provide the pattern when driver fall drowsy. 

The remainder of the paper is organized as follows: Section 2 reviews researches 

related to the proposed system, and in Section 3 describes the architecture of proposed 

system in detail, Section 4 shows the simulation results for the proposed system. We 

conclude the work in Section 5. 

 

2. Related Works 

The researches detecting drowsiness can be divided into two methods: what uses bio-

signal, and what uses video treatment. Bio-signals are generated by human body such as 

EEG, pulse, and temperature, etc. In order to get bio-signals, it is necessary to attach such 

devices to human body [22-25]. While it is cumbersome, we can relatively accurately 

measure whether the driver is drowsy or not. In contrast, the method based on video 

treatment is convenient because it only needs video signals input by camera [16-21]. 

When driver is tired, they cannot maintain a high awake condition. This paper is 

focusing on drowsiness driving based on EEG data. The EEG when awake or sleepy is 

consistently related with changes of alpha wave and theta wave of EEG. EEG analysis is 

mainly observation of spectrum components. Based on spectrum analysis, many studies 

have found that delta wave, theta wave, alpha wave, and beta wave are related with 

drowsy [26-28]. 

Brain wave is electric signal of electric activity of brain measured using electrode 

attached on the surface of head [27, 28]. As EEG are shown as a complex pattern of 

waves, it is impossible to visually observe wave types of it. In general, to observe EEG, 

power spectrum analysis method is used. This method assumes that EEG is linear 

combination of simple tremors having specific frequencies, classifies waves into 

frequency components, and expresses the sizes or powers of them. 

In general, depending on the ranges of trembling frequency, EEG are classified into δ 

wave (0.2 ~3.99 Hz), θ wave (4 ~ 7.99 Hz), α wave (8 ~ 12.99 Hz), β wave (13 ~ 29.99 

Hz), and γ wave (30~50 Hz) [29]. δ wave appears to adult while one is in deep sleep, or to 

newly born baby. α wave mainly appears when one is comfortable without tension. In 

particular, α wave appears when one closes one’s eyes and feel stable, but, if one opens 

eyes and looks at an object, or when one is excited, α wave is suppressed. θ wave mainly 

appears when one is stable or goes to sleeping condition. β wave mainly appears on 

prefrontal part of brain and appears when one is consciously active such as the condition 

of being awake, or of speaking. It is reported that γ wave appears when one is irritated, or 

when one treats high-level cognitive information such as abstraction or judgement. 

This paper proposes a drowsy driving preventing system through EEG analysis. In the 

system, NeuroSky MindWave headset continuously monitors EEG to detect drowsiness, 

and if it decides that driver is drowsy, it wakes them up with alarm. 

 

3. Driver-Waking System 

We propose the Driver-Waking system (DW system) as drowsy preventing service 

using EEG. Figure 1 illustrates the overall process of the proposed system. The 

framework consists of 4 stages. 
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Figure 1. Overall Process of Driver-Waking System 

In the first stage, the system collects EEG to analyze the type of EEG when the user is 

awake and sleepy. The data collected from the headset is stored in the database via the 

smartphone. In the second step, feature information is extracted from the collected data 

and a classification model is created. The classification model is generated using Deep 

Neural Network(DNN) by 24 feature information and labels. In the third stage, it judges 

whether the driver is drowsy or not through the classification model. Finally, if the driver 

is judged to be drowsy, generate alarm, information on temperature, weather, and driving 

location, etc. are saved to give warning to the driver later. The first and second stages are 

the stages for model generation, and summarized into Phase I. And, the phase where the 

system judge drowsiness from the generated model, and provides pattern information 

service is called Phase II. 

 

3.1. Classification Model Construction 

Phase I in the Driver-Waking system proposed in this paper is the phase of generating 

the classification model. First, it collects EEG data from participants. The EEG data used 

for generating a classification model is stored in the following structure. 
 

Ti,j = { pi, h-aj, l-aj, h-bj, l-bj, tj, dj, m-gj, l-gj, labelj } 

EEG data is stream data which inflows continuously, and can be handled as a 

transaction in the stream. Transaction Ti,j means the data of the ith participant’s jth  EEG 

data. Information on each transaction are illustrated in Table 1. 
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Table 1. Components of Ti,j 

Attribute Description 

pi ith participant 

h-aj jth high alpha  

l-aj jth low alpha  

h-bj jth high beta  

l-bj jth low beta  

tj jth theta  

dj jth delta  

m-gj jth mid gamma  

l-gj jth low gamma 

labelj jth drowsiness or not 

 

To collect EEG information on drowsiness per participant, the system measures EEG 

in awake and drowsy conditions per participant. Such information on drowsiness are 

added to labelj, and stored with EEG incoming to the DW system. EEG are continuous 

stream data, and, applying sliding window, we determined whether one is drowsy or not 

in every second per k unit. Figure 2 shows a sliding window with k=5. In this example, 

we extract feature data for model generation based on EEG measured within each sliding 

windows. 

 

 

Figure 2. Sliding Window 

Figure 3 shows the preprocessing process for extracting the characteristics of the data 

to generate the data model. Figure 3(a) shows a portion of the dataset. To make 

classification data model for drowsy, first, the collected data extracts features such as 

frequency, average, and standard deviation of each EEG for each sliding windows. 

The frequency is the frequency of high EEG bandwidth in the sliding window as 

shown in Figure 3(b). Next, the feature data are standardized using mean and 

standard deviation as shown in Figure 3(c). Three features are extracted for each 

EEG wave, and all 24 features are extracted as shown in Figure 3(d). 
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(a) Dataset 

 

(b) Feature Extraction 

 

(c) Standardization 

 
(d) Final Datasets 

Figure 3. EEG Data Preprocessing 
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Figure 4. Deep Neural Network Model 

After completing data collection and feature extraction, we generated a classification 

model by feature of EEG data within a sliding window. The classification model was 

made with Deep Neural Network(DNN) algorithm composed of 4 hidden layers using 

gradient descent optimizer as shown in Figure 4. 

 

3.3. Drowsiness Determination 

The second phase of the DW system is to judge drowsiness and prevent drowsiness by 

generating various events. The system receives EEG information for five minutes, 

extracts the characteristics of the received data, and uses it as test data for the 

classification model to determine whether to be drowsy. To provide alarm service to the 

driver who is determined to be drowsy, the system lets the driver to choose the device to 

receive the alarm to wake them up. Alarm is sent to smart phone or smart watch of the 

driver, or it can also be sent to the device of passenger. We also make the system store 

situational information like the time, weather, and location when the driver is drowsy to 

manage the pattern where drowsiness tends to occur. Then, the service is constructed to 

allow the driver to identify their drowsiness patterns when they log in the system. 

 

4. Simulations 

We constructed the Driving-Waking system which can prevent drowsy driving using 

EEG. In the experimental environment, the server was based on Java and Python, and the 

application is Android-based. And we used the NeuroSky MindWave headset. The device 

is a device that acquires EEG data by wearing like a normal headphone. It has a microchip 

that pre-processes EEG signals and transmits the data through Bluetooth. The output data 

is an FFT performed on a signal that provides band power, and these powers are data that 

are adjusted and filtered relative to each other. 

To generate the classification model, we secured 15-minute video clip taken per each 

of the 8 participants to compare EEG when the driver is drowsy and not. Among the 8 

kinds of EEG sent through NeuroSky MindWave headset, we used EEG collected for 5 

minutes as standard values to determine drowsiness or not. After 5 minutes, the system 

performed determination of drowsiness every second. 

 

4.1. Evaluation of the Classification Model 

We generated a classification model to determine drowsiness of participant using DNN 

algorithm. 24 features of mean, median and standard deviation were extracted from eight 

EEG collected from eight participants. Based on such feature, we built the model. To 
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evaluate the performance of the classification model, 70% of the data set was used as 

training data set, and the remaining 30% was used as test data set. Learning rate was set 

up at 0.1, and we tested by constructing neutral network composed of the fourth layers. 

Figure 5 shows the test results of the classification model. 
 

 

Figure 5. Accuracy of Classification Model 

We tested NN and 4NN1 whose epochs were set at 10K, and 4NN2 whose epochs were 

set at 50k. Tests showed that NN shows accuracy of 98.28, and what was composed of 4 

layers showed 99.1% accuracy. When epochs were increased, accuracy was improved up 

to 99.87%. 

 

4.2. MindWake App Service 

The App of DW system, MindWake which collects EEG of participant and provides 

the driver alarm service was realized as shown in Figure 6. MindWake is based on 

android. After logging in, the participant could select alarm as shown in Figure 6(a). Then, 

the system is connected to NeuroSky MindWave headset and Bluetooth. When they are 

properly connected, the MindWake App can receive EEG data real time as shown in 

Figure 6(b). 

If the system analyzes received EEG, and determines that the driver is drowsy, it 

generates alarm as shown in Figure 6(c). Alarm rings in smart phone and smart watch in 

the same type. The system arranges that alarm ends with voice recognition function. To 

end alarm sound, the participant should say “Hi”. If the driver selects passenger as the 

person who will receive alarm, the alarm message is sent to the passenger, who can wake 

the drowsy driver up. And, if the driver refers to his or her pattern of drowsiness, the 

system provides information like the time when driver frequently falls drowsy and 

weather, etc., to make the driver prevent drowsy driving as shown in Figure 6(d). 

 

                  

(a) Choice of Alarm      (b) Reception of EEG 
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(c) Generating Alarm        (d) Pattern Reference 

Figure 6. Screens Showing how MindWake App is Realized 

We tested the system to 10 participants to know whether alarm on drowsiness functions 

properly. Table 2 shows the test results. 

Table 2. Results of App Use 

participant wake drowsy useful 

P1 〇 ◎ 〇 

P2 X 〇 〇 

P3 X 〇 〇 

P4 X 〇 〇 

P5 X ◎ 〇 

P6 X 〇 〇 

P7 X X 〇 

P8 X 〇 〇 

P9 X 〇 〇 

P10 X ◎ 〇 

 

Tests revealed that, while, in the case of P1, alarm ringed when the participant was not 

drowsy, the alarms did not ring for other participants when they were not drowsy. The 

alarm responses when participants were drowsy were as follows: P7 said that though he or 

she was drowsy, the alarm did not ring; P1, P5, and P10 said that when they tried to get 

drowsy, the alarm ringed. The characteristics of the test makes it difficult to evaluate 

accuracy of the system. But, all the 10 participants said that the system was useful. 

The system proposed in this paper is an app which determines drowsiness of driver 

using the relatively cheap device measuring EEG and prevents drowsy driving. The 

system is expected to help prevent safety accidents in industrial sites, drowsiness of 

learners, and accidents caused by night watches. 

 

5. Conclusion 

This paper proposed the Driver-Waking system which makes the NeuroSky MindWave 

headset measure and analyze EEG, and, if it determines that the driver to be drowsy, 

sends alarm to prevent drowsy driving, and which also provides information on drowsy 

driving pattern of the driver using situational information like weather, temperature, 

location, time, season, and date. The system generates classification model by analyzing 

EEG using DNN algorithm. By monitoring EEG, the system detects when driver gets 

drowsy, and sends alarm to the driver or a person the driver designated in advance. It is 

expected that it can help prevent traffic accidents. In addition, it is expected that, by 
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providing driver with information on his or her pattern of drowsiness like time, place, and 

weather, etc., it can also prevent drowsy driving.  
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