
Indonesian Journal of Electrical Engineering and Computer Science 

Vol. 29, No. 2, February 2023, pp. 761~771 

ISSN: 2502-4752, DOI: 10.11591/ijeecs.v29.i2.pp761-771       761 

 

Journal homepage: http://ijeecs.iaescore.com 

Brain signals analysis for sleep stages detection using virtual 

instrumentation platform 
 

 

Abdeljalil El Hadiri, Lhoussain Bahatti, Abdelmounime El Magri, Rachid Lajouad  
Laboratory of Electrical Engineering and Intelligent Systems, ENSET Mohamedia, Hassan II University of Casablanca,  

Mohammedia, Morocco 

 

 

Article Info  ABSTRACT  

Article history: 

Received Aug 4, 2022 

Revised Oct 11, 2022 

Accepted Oct 24, 2022 

 

 This paper discusses the use of the laboratory virtual instrumentation 

engineering workbench (LabVIEW) software tool for analyzing brain 

waveforms (i.e EEG: electroencephalogram) to study sleep stages such as 

deep sleep, light sleep and so on. The used EEG signals are generated in 

order to span all sleeping phases. Indeed, a mandatory step of signal 

processing has been performed, such as sampling, filtering and features 

extraction. This analysis is carried out with the LabVIEW program, which is 

a popular virtual instrumentation platform. The EEG signals used in the 

analysis were obtained from an open-source database and went through 

several steps, including noise removal, classification and feature extraction. 

To extract the feature, different filters are employed and the outputs of all 

filters are compared, leading to a sleep level detection. The simulation 

results show clearly the performances of this analysis. 
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1. INTRODUCTION 

Safety is a fundamental issue for all road users, particularly vehicle drivers, as traffic accidents 

occur around the world, resulting in significant losses ranging from serious injury to death [1]–[3]. Strong 

management in all areas of safety on the road is essential for achieving effective road safety outcomes. It is 

suggested that a financed lead agency is in place to drive the national road safety effort and execute a Safe 

Systems strategy. The government only has a significant road safety goal, which is to minimize deaths by 

20% and 50%, accordingly, between 2016 and 2020 and 2016 and 2026 [4], In the statistical situation of road 

safety in Morocco, data on traffic accidents and their victims are mainly derived from field observations and 

statistics compiled by government agencies [5], In this context, the Moroccan Ministry of Equipment and 

Transport, declared that there were more than 67,300 accidents, 2500 fatal accidents, 3026 people killed, 

10037 people seriously injured, and 92366 people potentially suffering injuries [6]. 

Driver sleepiness is currently one of the main causes of of fatal accidents [7]. Many accidents can be 

averted if tiredness is identified and communicated to the driver as a mental state. As a result, driver 

drowsiness and the time of falling asleep can be detected. All of these possibilities have resulted in the 

establishment of a human drowsy state surveillance system for drivers, which has become a key emphasis 

subject in the field of safe driving [8]. 

Researchers have developed various techniques to identify drowsiness, Several of these approaches 

are extremely accurate, such as, detecting eyes blinking, detecting mouth [9]-[12] and detecting faces from 
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videos or photo [13]-[15], the majority of these solutions utilised computer vision algorithms. various 

algorithms are employed to identify tiredness and raise the alarm after recognising the face, eyes, and mouth. 

Many methods have a high level of accuracy. Color of skin, lighting, wearing glasses, are all downsides of 

some approaches. 

Electroencephalogram (EEG) is the term for these signals to be recorded. It’s is a device that 

monitors and measures the various electrical processes in the brain [16]. These signals are measured with 

electrodes positioned in the scalp. As illustrated in Figure 1, the standardized EEG set-up is based on the 10-

20 electrodes defined by the international federation (IF) in 1958 [17]. 

 

 

 
 

Figure 1. 10–20 Electrode placement system [18] 

 

 

The Alpha band, Beta band, Theta band, Delta band, Gamma band, and Mu band are the six 

frequency bands of brain waves [19], [20]. EEG signals provide vital information about the brain and body's 

functioning. It is now feasible to study sleep by evaluating the EEG signal and identifying the stages of 

weariness and insomnia. Nevertheless, irregular and It's challenging to interpret what these non-stationary 

signals represent by looking at them. As a result, assembling the necessary data in an intelligible format from 

these recorded signals must be processed following the aim. Furthermore, Signal analysis is made 

considerably more difficult by noise from the equipment employed. 

In this paper, we create a platform that would allow users to obtain and record EEG signals and 

evaluate them using laboratory virtual instrumentation engineering workbench (LabVIEW) software. Delta 

band, theta band, alpha band, and beta band were generated from the EEG data Figure 2. There are two main 

forms of noise in the original EEG signal: physiological and physical [21]. We also go over signal 

conditioning and signal processing to create a platform for detecting problems in EEG signals and remote 

monitoring utilizing characteristics like mean, standard deviation and variance via EEG and LabVIEW.  

 

 

 
 

Figure 2. Brain waves and frequency band 
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This paper is organized as shown in. Section 2 presents the methodology used to detect the different 

stages of sleep. Section 3 highlights the simulation of the proposed LabVIEW interface and the obtained 

results. The conclusion of this paper is discussed in Section 4. 

 

 

2. MATERIAL AND METHOD  

2.1.  Software 

Today's popular software development tools, like as visual basic and visual C++, need extensive 

code compilation, which can be a challenge for BCI designers who aren't experienced with programming. 

national instruments' (NI) LabVIEW is the solution to this dilemma. LabVIEW is a software platform that is 

based on graphics. It was created by the National Instruments Company in the United States. The use of 

program is becoming more common in engineering and signal processing applications [22]-[25]. It offers a 

visual interface for algorithm development. Physical elements like oscilloscopes and multimeters are used to 

model LabVIEW's architecture and operations.  

As it is often used in signal processing subjects, LabVIEW software was chosen [26], [27]. It's more 

user-friendly than text-based programs. As a result, it reduces developers time and effort. LabVIEW has 

become a common tool for data collecting and research laboratories, academia, and instrument control in 

healthcare industry [28]. 

As a result, the number of users is gradually expanding. It is generally preferred, especially in 

biomedical sectors, due to graphical representation and Biomedical Toolkits. You may simply and 

successfully take EEG, EMG, and ECG data with the Biomedical Toolkit and analyze their signals in 

LabVIEW [29]. 

The block diagram and the front panel are the two parts of LabVIEW. The latter software was 

identified as the best platform for processing EEG signals. National Instruments' LabVIEW software is a 

virtual instrumentation engineering workstation. i) data collecting, ii) data analysis, and iii) visualization of 

the data are the three components of this graphical programming. Virtual instruments are the names given to 

the functions in LabVIEW (VIs). LabVIEW programming was concerned with providing an efficient and 

convenient environment for code creation, particularly when the user has to interact with the program and see 

the outcomes [30]-[32]. 

 

2.2.  EEG signal analysis 

The analysis of the EEG signal has been generally investigated due to its capacity to provide an 

objectively record method of brain stimulation, that is frequently applied in brain-computer interface studies 

with applications in health care diagnosis. Manipulation of the acquired EEG signal allows for easy analysis 

and investigation of brain activity since EEG helps to highlight the existing state of the individual whether 

asleep, or even awake. The proposed LabVIEW application's implementation, which consists of several 

novel virtual instruments that aim to integrate the four phases that go into creating a sleep detection interface 

system: importing the EEG signal from an open-source database, processing and extracting the features, and 

then classifying the filtered signal to detect the corresponding sleep stage, is the main original contribution of 

this paper Figure 3. 

 

 

 
 

Figure 3. Steps of EEG signal analysis and sleep state detection 

 

 

2.2.1. EEG data acquisition 

A set of raw EEG data is taken from the open-source database [33] as .edf file to feed at the input of 

the biomedical toolkit in LabVIEW software for analyzing and identifying the different features of EEG 
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signals. This database provides comprises a significant number of recordings of EEG signals obtained from 

many different people under various conditions. The output of the simulated EEG signal contains a variety of 

frequency bands as follows beta, alpha, delta, and theta frequency band. Each of these frequency wavebands 

determines different electrical activities of neurons indicating different sleep states.  

There are five frequency bands in the EEG waveform: respectively δ, θ, α, β and γ. These bands can 

provide useful information for the diagnosis, monitoring, and the treatment of neural diseases and features. 

Table 1 depicts the signal amplitude and various frequency ranges of an EEG signal. 

 

 

Table 1. Amplitude and frequency range of decomposed EEG signal 
Bands Frequencies (Hz) Amplitude(μV) 

Delta (δ) 0–4 Hz 20–100 

Theta (θ) 4–8 Hz 10 

Alpha (α) 8–13 Hz 2–100 

Beta (β) 13–22 Hz 5–10 

Gamma (γ) > 30 - 

 

 

2.2.2. Signal processing 

The recorded EEG signal has significant artifacts and noise, affecting the accuracy and performance 

of the project. Hence, a signal pre-processing is implemented before moving on to the next step of the sleep 

phase detection. The EEG signal goes through three phases of preprocessing: 

 

a. Sampling 

The EEG signal retrieved from the databases comprises a considerable quantity of data that 

LabVIEW cannot analyze directly. As a result, the constructed waveform functional block samples the input 

EEG signal. The output is then utilized to evaluate the data. 

 

b. Pre-amplification 

Electroencephalograms (EEGs) are weakly amplifiable biosignals that are distorted by electrode-

skin interferences and low-frequency noise. A biomedical signal acquisition system's analogue front end 

must therefore include a preamplifier stage. However, the amplifier must be able to reject noise and 

interferences in order to only amplify the physiological signal while maintaining a high signal-to-noise ratio. 

The acquired EEG data has very low amplitudes and is difficult to directly analyze. To enhance the signal's 

amplitude, it is pre-amplified using a multiplier block. 

 

c. Filtering 

Filtering signals is a basic concept in EEG signal analysis, and several EEG filters, such as FIR and 

IIR filters, are available in LabVIEW. FIR filters offer a linear phase response, while IIR filters produce a 

non-linear phase response [34]. As a result, FIR filters can be employed in applications which phase 

information is required, while IIR filters can be used in applications where phase information is not required. 

 

𝑦[𝑛] = ∑ 𝑏𝑘𝑥[𝑛 − 𝑘]𝑁
𝑘=0  (1) 

 

An FIR filter is written as a difference equation, with b's being the filter coefficients and 𝑁 denoting 

the number of zeros or filter order. An FIR filter generates a current output 𝑦[𝑛] by operating on a current 

input 𝑥[𝑛] and a number of past inputs 𝑥[𝑛 − 𝑘] as indicated by this equation. An IIR filter's difference 

equation is expressed by 

 

𝑦[𝑛] = ∑ 𝑏𝑘𝑥[𝑛 − 𝑘] − ∑ 𝑎𝑘𝑦[𝑛 − 𝑘]𝑀
𝑘=1

𝑁
𝑘=0  (2) 

 

The filter coefficients are denoted by b's and a's, while the number of zeros and poles are denoted by 

N and M, accordingly. An IIR filter, as shown in (3), generates a current output 𝑦[𝑛] by combining a number 

of prior outputs 𝑦[𝑛 − 𝑘], and also a current and a number of past inputs. An IIR filter's transfer function is 

written as: 

 

𝐻(𝑧) =
𝑏0+𝑏1𝑧−1+⋯+𝑏𝑁𝑧−𝑁

1+𝑎1𝑧−1+⋯+𝑎𝑀𝑧−𝑀  (3) 
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The most significant distinction between finite impulse response (FIR) and infinite impulse response 

(IIR) filters is the impulse response, which is finite for FIR filters and unlimited for IIR filters. When 

compared to IIR filters, FIR filters often require more multiplications and summations for the same filtering 

effectiveness. Since certain computer architectures are better suited for digital computation than others, such 

as digital signal processors (DSPs), certain computer architectures are better suited for FIR filtering. The FIR 

filter has a substantially faster processing speed than the IIR filter. When compared to FIR filters, IIR filters 

always yield very high co-efficient values, and because there are so many co-efficients accessible, 

computations are simple [35]. 

The brain signal is affected when collecting data from the subject due to noise caused mainly by 

electricity in the electrodes. Since electricity is transferred at this frequency, this noise is most common at 50 

Hz. By passing the signal through a Butterworth low-pass filter with a cut-off frequency of 30 Hz, this noise 

can be eliminated. This filter has a strong capability to show nonlinear phase response. In addition, it serves 

as a good bandpass for its better responsively to frequency. Depending on the output requirement, the filter is 

configured with different cut-off frequencies (low and high). The bandpass filter was tuned to a lower cutoff 

frequency of 0.5 Hz and an upper cutoff frequency of 4 Hz to obtain the delta signal. A lower cut-off 

frequency of 4 Hz and an upper cut-off frequency of 8 Hz are chosen for the Theta brainwave. A lower cutoff 

frequency of 8 Hz and an upper cutoff frequency of 13 Hz are established for the Alpha brainwave band, 

while a lower cutoff frequency of 13 Hz and an upper-frequency band of 30 Hz are set for the Beta 

brainwave band. Predefined filters are already included in LabVIEW and can be used without the need to 

redefine them. 

 

2.2.3. Feature extraction 

This section is devoted to feature extraction, which is the process of characterizing 

electroencephalography (EEG) signals by a core set of values representing the pertinent data they include in 

order to later identify them. It investigates what data should be extracted from EEG signals and how to do it 

in order to distinguish between various sleep states as accurately as possible. The process of describing a 

collection of features is called feature extraction. The most effective analysis can be provided by feature 

extraction. The major goal is to gather trustworthy data for signal classification and efficient analysis. The 

mean, standard deviation, and variance of the EEG signal were considered as sleep extracted features in this 

study. 

 

a. Mean () 

The Mean of the signal is the ratio of the sum of all of the signal's values to the overall size of the 

signal [36], The formula for calculating the mean is presented in (4): 

 

𝑀𝑒𝑎𝑛 (𝜇) =
1

𝑁
∑ 𝑋𝑛𝑁

𝑛=1  (4) 

 

where 𝜇 is the signal mean and {𝑋1, . . . , 𝑋𝑛} are the signal values. 

 

b. Standard deviation (SD) 

The Standard Deviation is a statistical feature that reveals how the data is distributed in relation to 

the mean [37]. According to (5) shows the formula for calculating SD. 

 

𝑆𝑡𝑎𝑛𝑑𝑎𝑟𝑑 𝐷𝑒𝑣𝑖𝑎𝑡𝑖𝑜𝑛(𝑆𝐷) = √
1

𝑁
∑ (𝑋𝑖 − 𝜇)2𝑁

𝑖=1  (5) 

 

Where, 𝜇 denotes the mean or average and the length of the EEG data is indicated by the number N. 

 

c. Variance () 

The variance is a statistical measurement of the dispersion of a probability variable [38]. It is 

designated by: 

 

𝑉𝑎𝑟𝑖𝑎𝑛𝑐𝑒(𝜎) =
1

𝑁
∑ (𝑋𝑖 − 𝜇)2𝑁

𝑖=1  (6) 

 

where: 

𝜇 is the mean of the signal  

𝑁 signifies the length of EEG data 

The length of the EEG data is indicated by the number 𝑁. 
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The mean, standard deviation and variance are applicable to the power spectrum of EEG beta, alpha, 

theta, and delta bands in order to find the sleep feature. Fourier transform and power spectral density (PSD) 

algorithms in LabVIEW are used to determine the power spectrum of EEG signals. The power spectrum and 

power spectral density equation are presented in (7) and (8) respectively. 

 

𝑋(𝑘) = ∑ 𝑥(𝑛𝑇𝑠)𝑒−
𝑗2𝜋𝑛𝑘

𝑁  𝑁−1
𝑛=0 ; 𝑘 =  0, … … , 𝑁 − 1 (7) 

 

𝑃𝑆𝐷 = |𝑋(𝑘)|2 = |∑ 𝑥(𝑛𝑇𝑠)𝑒−
𝑗2𝜋𝑛𝑘

𝑁𝑁−1
𝑛=0 |

2

 (8) 

 

The EEG signals, as previously stated, contain components in four different frequency bands.  

In process for extracting the signal's features in several frequency bands, to investigate the signal as a result, 

categorization of these signals is necessary. The four-band pass is used to separate those frequency bands. 

Cutoff frequencies for filters based on the band range. 

The average amplitude of the delta, theta, alpha, and beta bands is calculated using the mean vi 

module in this stage. The standard deviation mean of the amplitudes of each wave band is taken by the mean 

vi module, which then passes through a constructed array module that connects many elements. The array 

collects all of the wave's mean amplitudes and compares them. After that, the mean amplitude values are 

compared to obtain the maximum mean among them. The calculated result is displayed in this maximum 

mean to a string. If the estimated dominant value corresponds to the Delta waveband, for example, the 

drowsy condition is displayed. Similarly, the drowsy condition is displayed if the dominating value 

corresponds to the Theta waveband. 

 

2.2.4. Classification 

All of the frequency bands have different band ranges and sleep stages, Table 2. The type of EEG 

signal is determined by the amount of mean amplitude acquired for each frequency band. The base-band 

signal has the highest maximum amplitude, and the appropriate sleep stages may be detected. 

 

 

Table 2. sleep stages and corresponding frequency band 
Sleep Stages Frequency band States 

Stage 1 8 -13 Hz Drowsiness 

Stage 2 4 - 8 Hz Deep Sleep 

Stage 3 and 4 0.5 - 4 Hz Light Sleep 

Awake Stage 13 - 30 Hz Awake 

 

 

2.2.5. Flowchart 

With a rise in the frequency spectrum of electrical activity of brainwave bands, EEG suggests 

sleepiness. EEG is employed as a reference indication because of its accuracy in detecting drowsiness, which 

defines the subject's mental state. This is due to the fact that the brain determines a person's exact condition. 

However, the EEG result will depend on the person's other problems. 

In our simulation, we used the biomedical tools in LabVIEW to produce the EEG signal. The data 

collected from the signal is processed via an IIR Butterworth band pass signal with various frequency ranges. 

The Delta, Theta, Alpha, and Beta bands are formed as a result of this. We assess which bands are the most 

dominant after we have the bands. 

 

 

3 RESULTS AND DISCUSSION  

The model of the studied detector of sleep stage is structured on labview Figure 4, in order to 

determine different stage of drowsiness. Using LabVIEW, the recorded EEG signal is processed using IIR-

type bandpass filters, and the output data are compared to determine the states of the human brain. The 

Labview interface is plotted on the front panel in Figure 5. The front panel results for the sleepiness data 1 

are illustrated in Figure 6. 

The frequency and amplitude values of the four primary wavebands Delta, Theta, Alpha and Beta 

are identified and Averaged from the raw EEG data. The highest average is determined from these four 

average values, thus revealing the dominant waveband. The delta, theta, alpha, and beta bands, for instance, 

have frequencies of 1.96 Hz, 7.27 Hz, 8.82 Hz, and 14.35 Hz, respectively, and average values of 3.99, 2.02, 

2.89, and 1.01 units in Sample 1. The highest average of these four averages denotes the Delta waveband. 
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Therefore, we could deduce that the individual is in a light sleep state because the Delta band is prominent. 

The mean value of the different EEG signals and the maximum value are presented in Table 3 along with the 

sleep state of the subjects. 

 

 

 
 

Figure 4. Flowchart for sleep detection interface 

 

 

Start  

Import EEG Data from open-source Database 

Preprocessing 

Butterworth band pass filter  

Delta wave Theta wave Alpha wave Beta wave 

Δ Mean Amplitude θ Mean Amplitude α Mean Amplitude β Mean Amplitude 

Compare between the mean value of different brain waves 

Δ mean is 

dominant? 

θ mean is 

dominant? 

α mean is 

dominant? 

β mean is 

dominant? 

Activate Stage 3 and 4 led 

Activate Stage 2 led 

Activate Stage 1 led 

Activate Stage Awake led 

End 
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Figure 5. Labview front panel for sleep stages detection 
 

 

 
 

Figure 6. Front panel showing the result of EEG analysis and sleep detection for subject 1 
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Table 3. The result obtained from the simulation of the LabVIEW interface for the different subject 
Subjects 

Data 

Mind 

Waves 

Frequency 

Measured 

Amplitude Measured Dominant 

wave 

Sleep stages 

Mean Value of wave 

band 

Maximum 

Value 

Sb.1 Delta 1.96 3.99 3.99 Delta Light sleep 

Theta 7.27 2.02 

Alpha 8.82 2.89 

Beta 14.35 1.01 

Sb.2 Delta 1.35 3.69 4.24 Alpha Relaxed & 

Drowsiness Theta 7.04 2.72 

Alpha 8.73 4.24 

Beta 14.70 1.02 

Sb.3 Delta 1.35 27.62 30.35 Theta Deep Sleep 

Theta 4.52 30.35 

Alpha 8.48 14.51 

Beta 20.63 11.33 

Sb.4 Delta 1.06 3.43 3.43 Delta Light sleep 

Theta 4.85 1.43 

Alpha 8.73 1.32 

Beta 14.07 0.95 

Sb.5 Delta 2.12 5.68 7.25 Beta Awake 

Theta 5.76 4.31 

Alpha 11.29 5.25 

Beta 21.40 7.25 

 

 

4. CONCLUSION  

This work has established a user interface on LabVIEW for sleep stage classification, using 

measurement EEG data from an open source and fundamental physical prior about the EEG signal. The first 

design step involves the choice of the visual programming language LabVIEW to create the user interface. In 

a second independent step, EEG data were analyzed in the time, frequency and time-frequency domains 

using the generated interface. The methodology delivers the state of the drowsiness by extracting the 

characteristics of the EEG signal and comparing them to the signal's mean value. The suggested interface and 

algorithm collect information from the EEG channel and also can distinguish between the Alert and Drowsy 

states. 
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