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Abstract— Now a day’s driver drowsiness is causing severe accidents. If this drowsiness is detected and 

conveyed as a status of mind to the driver, many accidents can be avoided. Many factors are considered for 

detecting drowsiness such as analysis of physiological signals like Electroencephalogram (EEG), 

Electrocardiogram (ECG) and driver behaviour monitoring. The reliable detection of drowsiness is an important 

factor in this system design. In this work, an accurate detection of driver’s drowsiness is implemented and same 

is conveyed to driver by warning system. If a person is mentally sleeping with eyes open for few seconds, then 

the level of brain signal will be different than the normal level. Simulation results are shown in LabVIEW (GUI 

and Processing). 
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I. INTRODUCTION 
 

Recently, safe driving has received increasing consideration of the public due to the growing number of 

accidents. Driver’s tiredness has been implicated as an underlying cause in numerous accidents because of the 

marked decline in the driver’s abilities of perception, recognition and vehicle control abilities while drowsy. The 

National Highway Traffic Safety Administration (NHTSA) conservatively estimates that 100,000 police-reported 

crashes are the direct results of driver fatigue each year. This results in an estimated death of 1550, 71,000 

injuries, and $12.5 billion in monetary losses. In 2002, the National Sleep Foundation (NSF) also reported that 

51% of adult drivers had driven a vehicle while feeling drowsy and 17% had actually fallen asleep. Although 

governments and vehicle manufacturers try to make policies to prevent such accidents including strategies to 

address rates of speed, alcohol consumption; promotion of using seat belts, enhancements available today are 

still not yet enough to prevent the terrible incidents resulted from loss of alertness and lack of attention, on 

drivers intrinsically. All these scenarios have lead to the development of human drowsy state monitoring system 

for drivers and have become a major focus field of safety driving [2].   

 

A. Drowsiness 
Drowsiness means the transition between the states of awaken and sleep during which one’s ability to 

observe strongly reduced. When combining the monitoring of bio signals like brain, eye blinking, have high 

efficient data for drowsiness detection system than other methods [1].  

According to the National Highway Traffic Safety Administration (NHTSA) the crashes that occur due to 

driver drowsiness have a number of characteristics:   

1. Occur late at night (12:00 am–7:00 am) or during mid-afternoon (2:00 pm–4:00 pm)  

2. Involve a single vehicle running off the road  

3. Driver is often alone, blood alcohol level is below the legal driving limit and Vehicle ran off the road or onto the 

back of another vehicle,  

4. Vehicle has no mechanical defect, Good weather conditions and clear visibility.  
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Driving under the influences of drowsiness will cause:  

1. Longer reaction time, which may lead to higher risk of crash, particularly at high speeds.  

2. Reduction including no responses or delaying responding where performance on   attention demanding tasks 

declines with drowsiness.  

3. Deficits in information processing, which may reduce the accuracy and correctness in decision-making.  

  

Various factors can cause drowsiness in driving including lack of sleep, long driving hours, use of painkilling 

medications, consumption of alcohol, and some driving patterns such as driving at midnight, early morning, mid 

afternoon hours and especially in a repetitive driving environment. 

 

A number of schemes have been proposed to detect drowsiness in the past few years. These methods can 

be categorized into two major categories. One focuses on detecting physical changes during drowsiness by 

image processing techniques, such as average of eye-closure speed, percentage of eye-closure over time, eye 

tracking as quantization of drowsiness level, and driver’s head movements. These image-processing based 

methods use optical sensors or video cameras to detect eye-activity changes in drowsiness and can achieve a 

satisfactory rate. However, these parameters might vary in different environmental situations and driving 

conditions, it thus might require devising different detection logics for different types of vehicles.  

 

Alternate methods focused on measuring physiological changes of drivers, such as Heart-Rate Variability 

(HRV), Electrooculography (EOG), or Electroencephalogram (EEG), as a means of detecting the human 

cognitive states.  

 

Stern et al. [1] reported that the eye blink duration and blink rate typically increase while blink amplitude 

decreases as function of the cumulative time on tasks. Other EOG studies have found that saccade frequencies 

and velocities decline as time on the task increases. It has been known that abundant information in EEG 

recording varies with drowsiness, arousal, sleep, and attention [1]. Previous psycho physiological studies show 

that typical sleep rhythm regulated by the circadian process can be divided into non rapid-eye-movement 

(NREM) sleep and rapid-eye-movement (REM) sleep. NREM sleep is further subdivided into       stages 1–4. In 

the first part of falling into sleep (microsleep at NREM), increasing amplitudes of slow alpha waves of the EEG 

signals were observed with positive correlation at occipital sites (O1 and O2) and negative correlation at central 

sites (C3 or C4).  

 

Recently, Van Ordan et al. compared these eye-activity based methods to EEG-based methods for alertness 

estimation in a compensatory visual tracking task. They showed that although these eye-activity variables are well 

correlated with the subject performance, those eye-activity based methods require a relatively long moving 

averaged window aiming to track slow or tonic changes in vigilance, whereas the EEG-based method can use a 

shorter moving averaged window to track second-to-second fluctuations in the subject error in a visual 

compensatory task. While approaches based on EEG signals have the advantages in making accurate and 

quantitative assessment of alertness levels, relatively little information has been captured in real time until signal 

processing methods and computer power are fast enough to extract the relevant information from the EEG. 

That is, we need to explore the EEG correlates of fatigue and drowsiness, as well as to evaluate to what extent 

these cognitive-state related EEG activities can be efficiently incorporated into a real-time drowsiness 

monitoring system.  
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B. EEG  
Electroencephalography (EEG) is a physiological monitoring method to record electrical activities of brain. 

It is typically non-invasive, with the electrodes placed on the scalp. EEG measures voltage fluctuations resulting 

from ionic current within the neurons of brain. In clinical contexts, EEG refers to the recording of the brain’s 

spontaneous electrical activity over period of time, as recorded from multiple electrodes placed on the scalp  

 

Fig.1 shows the classification of EEG signals. Alpha Waves are in the frequency range from 8 Hz to 12 Hz 

(moderate). These waves are generated when a person is in day dreaming, inability to focus, too relaxed. It’s a 

Relaxation mode.  

 

Beta waves are in the frequency range from 12 Hz to 40 Hz (high). This wave obtained when a person is in 

anxiety, high arousal, and inability to relax, stress. Results in conscious focus, memory, problem solving. 

 

Theta waves are in the frequency range from 3 Hz to 7 Hz (slow). When the person is in depression,                        

inattentiveness, drowsiness then these waves is produced.  

 

Gamma waves are in the frequency range from 40 Hz to 100 Hz (highest). These waves are produced when 

a person is in Anxiety, high arousal and stress. 

 

 

 

 

 

 

 

 

 

Fig. 1 Classification of EEG Bands 

C. Acquisition of EEG 
ENOBIO is a wearable wireless electrophysiology sensor system for the recording of EEG using the superb 

Neuroelectrics cap, ENOBIO 32 is ideal for high-density recording research applications. It comes integrated 

with an intuitive, powerful user interface for easy configuration, recording and visualization of 24 bit EEG data 

at 500S/s, including spectrogram and 3D visualization of real time spectral features. It is ready for research or 

clinical use as well as telemedicine using NUBE cloud system for experimental data collection and organization. 

In addition to EEG, triaxial accelerometer data is automatically collected. A micro SD card can also be used to 

save data offline in holter mode. ENOBIO is a CE medically certified product. It is currently classified as an 

investigational device under US federal law [10]. Fig. 2 shows the ENOBIO cap to record EEG signal. The 

recorded data is sent to system though Bluetooth communication. 
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Fig. 2 ENOBIO cap to record EEG 

 

In 1958, International Federation in EEG and Clinical Neurophysiology adopted standardization for 

electrode placement called 10-20 electrode placement system [15]. This system standardized physical placement 

and designations of electrodes on the scalp. The head is divided into proportional distances from prominent 

skull landmarks (nasion, preauricular points and inions) to provide adequate coverage of all regions of the brain. 

Label 10-20 designates proportional distance in percents between ears and nose where points for electrodes are 

chosen. Electrode placements are labelled according adjacent brain areas: F (frontal), C (central), T (temporal), P 

(posterior), and O (occipital). The letters are accompanied by odd numbers at the left side of the head and with 

even numbers on the right side (Fig.3). Left and right side is considered by convention from point of view of a 

subject. 

 

 

 

 

 

 

 

 

 

 

 

Fig. 3 Labels for points according to 10-20 electrode placement system 

 

II. METHODOLOGY 
 

The main drive of this work, is to examine and travel around the possibilities that stays within Brain-

Computer Interface domain, using user friendly gear that have come into public market recently. The motivating 

force for using EEG technology and the method of recording electrical impulse of brain using electrodes from 

the scalp is Brain Machine Interface (BCI) system. The main focus here is in determining drowsy state of driver 

using pre-recorded EEG signals from BCI using LabVIEW. 

 

LabVIEW software is an ideal for any measurement or control system and the heart of the NI design 

platform. Integrating all the tools that engineers and scientists need to build a wide range of applications in less 

time.  
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LabVIEW is a development environment for problem solving, accelerated productivity and continual 

innovation. LabVIEW provides a single graphical design tool for algorithm development, embedded system 

design, prototyping and interfacing with real-world hardware. Additional modules have been designed to expand 

the real time operating system, DSP and FPGA programming. 

 

 
Fig. 4 Block diagram of system architecture 

 

The Fig.4 shows the block diagram of system architecture. It consists of four main blocks, such as               

(i) Acquiring EEG signals from BCI (ENOBIO): EEG signal is acquired through ENOBIO and it is recorded 

using NIC software. NIC software records the EEG signal (.edf file format), which is supported by the 

LabVIEW. 

(ii) Acquired signal is given to drowsy detection system. Processing of signal is passes through these sets to detect 

the classification of EEG signal. 

(iii) Depending on the classification of signal, this system will identify the mind status. 

(iv) If the person feels drowsy then the proposed system will alert the driver by playing the songs. Songs are pre-

recorded and available in the database with .wav format. 

 

III. IMPLEMENTATION 
 

Pre-recorded EEG signals are used for processing. EEG is used to detect the abnormal conditions related 

to the electrical activities of the brain. After detecting the drowsiness, an alert signal is provided for the driver. 

When implemented, monitoring the EEG signal and driver alerting system will increase the accuracy of 

drowsiness detection system. Fig. 5. shows the detailed flow diagram of EEG feature extraction flow. 

 

Band pass filters are used to remove EMG artifacts that are present in the recorded EEG signals. By using 

the digital band pass filter the artefacts and the other Noises that are present in the EEG signals can be 

eliminated. Generally the EEG signals ranges from 0.5 to 30 Hz and the EMG signals ranges from 50 to 3 KHz. 

Alpha (8-12 Hz) and Theta (3-7 Hz) waves are concerned with the sleep, alert and drowsiness states of the 

human brain. In order to extract these signals band pass filtering is used. The band limited EEG signals are 

separately filtered to get Alpha and Theta signals. These signals are separately processed to extract the features 

to detect the state of the driver. 

 

In numerical analysis and functional analysis, a Discrete Wavelet Transform (DWT) is any wavelet 

transform for which the wavelets are discretely sampled. The major advantage of WT over Fourier Transform is 

temporal resolution. It captures both frequency and location information (location in time). 

 

The DWT analyses the signal at different resolution (hence, multi resolution) through the decomposition of 

the signal into several successive frequency bands. The DWT utilizes two set of functions ɸ(t) and Ψ(t), each 

associated with the low pass and the high pass filters respectively. These functions have a property that they can 

be obtained as the weighted sum of the scale (Dilated) and shifted version of the scaling function itself:   
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Here, h[n] and g[n] are the half band low pass filter and high pass filter respectively. 

 

DWT is taken for alpha and theta signals individually, and then mean of the coefficients is computed using 

mean VI and the average of these two are used as a decision input. Four normal and four drowsy signals are 

acquired using BCI. One among the four acquired normal signals is taken as a reference which is recorded 

during normal conditions and the mean of this signal is used as a threshold for taking the decision. The rest of 

the recorded signals are taken as testing samples and the state of these signals is detected based on the mean 

value. Based on the decision the alert system is activated.  

 

Read Biosignal reads the EEG signal from the path specified. The read EEG signal sample is filtered using 

IIR Butterworth filter with order 3 and upper cut off frequency of 30 Hz and lower cut off frequency of 0.5 Hz. 

Alpha and theta signals are extracted from that EEG sample. DWT is taken for filtered signal and the mean of 

the obtained co-efficient is calculated. Reference signal average is compared with testing signal average and 

decision is taken about the status of the mind.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 5 Flow diagram of implementation in LabVIEW 

 

Based on the condition of the mind status of the driver the alert system will be activated.  If the driver feels 

drowsy, drowsiness detection system detects it and alert system will alert the driver by playing the music (song) 

that makes him to be alert. If the driver is not drowsy, then the alert system doesn’t play any music. Fig.5 shows 

the flow chart of the alert system. Based on the mind status, if the driver is drowsy then the true case statement 

is executed and it will play the sound. If the driver is alert, then the false case statement is executed.   
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Fig. 6 Alert System flow chart implanted in LabVIEW 

 

IV. RESULTS AND DISCUSSIONS 
 

The extracted EEG signal is filtered using IIR butter worth band pass filters and corresponding feature is 

compared to identify the human brain conditions using LabVIEW.The front panel shows the EEG signal, 

various feature readings, and its corresponding mind status for different EEG signals. Fig.7 shows the front 

panel output of LabVIEW for normal data recorded and read using VI. As per the results shown below 

reference average is greater than the test signal average, therefore mind status will be "Alert". Since the person is 

"Alert" LED is off which indicates the alert system will be off and the alarm sound which is used to change the 

mind state of the person will not be played. 

 
Fig. 7 Front panel results for normal data 

 

Fig.8 shows the front panel results for drowsy data 1. Here the test signal is replaced by another signal and 

checked for mind status. As per the results shown test signal average is less than the reference signal average. 

Therefore mind status will be "Feeling drowsy". Since the person is "drowsy" LED is on which indicates the 

alert system will be on and the alarm sound which is used to change the mind state of the person will be played. 

The person, who is above to feel drowsy will be awakened because of this sound. 
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Fig. 8 Front panel results for drowsy data 

 

The Table 1 shows the Mean value of different EEG signals and the corresponding mind status of driver. 

Similar testing is carried out for different EEG signals and the average results and mind status is obtained and it 

is placed in a table for comparison.  

TABLE I 

Mean values for different EEG signals and its mind status 

Sl. 

No. 

Reference Mean Input Data Mean Mind 

Status Alpha Theata Avg Alpha Theata Avg 

1 41.39 -67.5 -13 -56.01 14.39 -20.80 Normal 

2 41.39 -67.5 -13 -3.52 -25.63 -14.50 Normal 

3 41.39 -67.5 -13 185.28 2.68 93.98 Drowsy 

4 41.39 -67.5 -13 2.89 111.56 57.22 Drowsy 

5 41.39 -67.5 -13 -9.80 131.40 60.80 Drowsy 

6 41.39 -67.5 -13 55.49 -44.58 05.45 Drowsy 

 

V. CONCLUSIONS 
 

In this work it is shown that LabVIEW has immense effect on signal processing. By using LabVIEW 

advanced signal processing kit and biomedical signal processing kit EEG signals are processed. EEG features 

are extracted and based on the Mean value of the signal, drowsiness is detected. The proposed system 

automatically detects drowsiness. It uses features extracted from 8 EEG channel to differentiate the Alert State 

and Drowsy State. The vector features were built by combining Time Analysis and WT. Upon the detection of 

drowsiness an alert signal is provided to the driver. This work has been conducted through graphical code based 

program. Creating program with LabVIEW is quiet easy and simple, it takes very less time to develop a signal 

processing algorithm, while text based program takes relatively more time. In addition execution time is shorter 

than that for text based programming language in signal processing applications. Moreover, it has many digital 

signals processing toolkit. The result also shows that the graphical way of programming has successfully 

determined the status of the mind.  
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Future work: In real time implementation a wireless dry electrode for EEG signals acquisition can be used and 

signal can be processed through MyRIO kit. When implemented in automobiles a vibrator could be connected 

to the steering wheel to make the driver vigilant and the vehicle can be stopped if the obstacles are detected. 
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