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Abstract: Various methods have been proposed to detect the attention and perception of an 

operator during tasks such as radar monitoring. Due to the high accuracy of 

electroencephalographic signals, it is utilized for systems based on brain signal. The event-

related potential (ERP) technique has been widely used for testing theories of perception 

and attention. Brain-computer Interface (BCI) provides the communication link between 

the human’s brain and an external device. In this article, we propose a method to investigate 

the attention of operators of very sensitive monitoring devices, in particular, the operators 

of navy ships’ radars in detecting fighter aircrafts. Using a Visual Stimuli, which was 

shown to the subjects prior to the test, the protocol utilized in this paper yielded a very high 

accuracy (up to 87%), which makes it a robust method to use in such conditions. Linear 

LDA and non-linear SVM classifiers were utilized in processing the output signal. 

Although several P300 systems have been used to detect attention using pattern recognition 

techniques, the novelty of this study is that attention detection is used for the first time for a 

radar operator which resulted in acceptable accuracy. 
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1 Introduction1 

CI systems have a variety of capabilities and 

applications. These systems are used for both 

healthy people and people suffering from severe 

mobility disability [1]. Applications of BCI systems 

include robot control [2], speller [3], gaming 

systems [4], and etc. In fact, BCI systems have the 

ability to create a direct path for the human brain to 

connect to a computer. According to the above 

description, two main functions are defined for BCI 

systems: 1) A BCI system must be able to detect neural 

activity in the brain and identify the user’s target, and 

2) This system must translate and interpret brain signals 
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into executable commands for an external device [5]. 

   In 1924 German psychiatric Hans Berger recorded the 

first electric field of the human brain. The recorded 

signal was named electroencephalograms (EEGs) [6]. In 

recent years, this signal has drawn great interest in the 

investigation of cognitive processes in research and 

clinical areas [7, 8]. 

   The advantages of this method are non-invasive 

measurement, low cost, ease of implementation, and 

superior temporal resolution [9]. The brain-computer 

interface (BCI) is a communication method that 

transforms the neural activities of the human brain into 

commands understandable for an electronic device [3]. 

According to reference [10], BCI systems can be 

divided into two general categories: 1) Independent-

stimulus systems and 2) Dependent stimulus. In 

Dependent-stimulus systems, an external stimulus is 

used to excite a component in the subject’s brain waves 

and this component is extracted using computational 

methods and pattern recognition techniques. But in 

independent-stimulus systems, brain activity is 

independent of external stimuli [10]. One of the 

common BCI systems based on Dependent-stimulus is 
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event-related potential (ERP)-based systems. The two 

most prominent components used in ERP-based systems 

are P300 and SSVEP. The P300 component is a positive 

potential that appears with a delay of about 300-500 

milliseconds after the onset of stimulation. The P300 

component is evoked in an oddball paradigm when a 

target stimulus appears in the midst of a series of non-

target stimuli. This component is more clearly observed 

in the central electrodes (Cz, Pz, Fz) rather than in other 

electrodes [11, 12]. SSVEPs are potentials that appear in 

response to a visual stimulus, mainly at the electrodes 

and the occipital lobes of the parietal brain. This 

component is triggered when the user looks at a 

flickering stimulus at a constant frequency [13, 14]. 
   In the past few years, many potential applications of 

the event-related potential-based P300 component have 

been studied [15, 16]. The ERP is measured by 

averaging the EEG signal time-locked to a specific 

event (visual or auditory stimuli). The components 

found in these tasks have waveforms with identifiable 

characteristics that are named after their latency and 

polarity (i.e. P300, P200, P100, N200, N100). P300 is a 

peak in the EEG approximately 300 milliseconds after 

applying a certain type of stimuli (task-related). The 

amplitude is the difference of voltage between the 

established base prior to the stimuli and the largest 

positive peak within a certain latency window [17, 18]. 

   Rapid serial visual presentation (RSVP) is a typical 

example of BCI systems. RSVP is used particularly in 

target image detection. In this method, a series of 

images are presented sequentially and rapidly to a 

subject on the screen. As soon as the participants see the 

target image, there is a very high chance that P300 

would occur [19]. The P300 signal, in this case, would 

appear as a peak in the EEG approximately 300-500ms 

after the target image was presented [20]. 

   The key question to ask may be whether one’s 

attention affects information processing at the sensory 

stage or later. There are obviously cases where attention 

happens after receiving a stimulus. For example, a 

subject may see the stimulus and simply decide not to 

give it a clear response. It is much more difficult to 

determine whether attention can possibly suppress the 

sensory processing of a stimulus. In fact, it is not certain 

that traditional behavioral practices have yet obtained 

unambiguous evidence. However, ERPs are very useful 

for addressing the attention detection of a subject. 

   In order to investigate this phenomenon, we compare 

the ERP waveform generated when the subject is paying 

attention to the stimulus to the ERP waveform generated 

when the subject ignores the stimulus. The earliest point 

in time at which the two signals differ provides an upper 

bound on the initial effect of attention on the processing 

of the stimulus [21]. 

   In order to detect the attention of the subject in the 

traditional face-to-face structure, the gaze and facial 

expressions are used. Nowadays, many studies have 

been carried out to detect and measure attention using 

brain signals [22]. Various processing methods were 

introduced for checking the user’s attention. One 

method is to determine the amount of attention by 

assessing changes in frequency bands in different areas 

of the brain [23]. Another method is feature extraction 

and application of pattern recognition methods [24, 25]. 

In addition, it should be noted that the study of user 

attention was carried out for both healthy and sick 

subjects (especially children suffering from 

ADHD) [26]. 

   In this paper, we take advantage of ERP waveform 

and cognitive capabilities of such potential to propose a 

repeatable test in order to examine the attention and 

focus of operators of sensitive monitoring devices such 

as radars in a navy ship. In order to achieve this goal, 

the participants were asked to focus on the radar 

monitor and expect sudden images to appear which 

contain aircrafts on them since the participants were 

familiar with the image of an aircraft this information 

grants the cognitive requirement of this procedure 

(Different sections of the paper are demonstrated by a 

block diagram in Fig. 1). 

 

2 Material and Methods 

2.1 Subjects and Experimental Protocol 

   A total of two male users aged between 26 and 30 

participated in this experiment. Each participant is used 

for the stimulation protocol in one test session. All users 

were chosen from students and had no previous training 

in this experiment. Before each experiment, users took 

medical tests to ensure mental and physical health and 

fitness. Test protocols have been reviewed and approved 

by the Ethics Committee of the Iranian Medical 

University. All users have volunteered to participate in 

this experiment. 

 

2.2 EEG Signal Acquisition 

   EEG signals were recorded using an 80-channel 

g.HIamp (G.Tec company) system. Electrodes were 

placed according to the International 10-20 System. 

EEG was recorded on 32 channels. One earlobe was 

served as the reference. The sampling frequency of the 

signal was 512 Hz and a digital notch filter was applied 

at a frequency of 50 Hz. 

 

2.3 Experiment Design and Procedure 

   In this study, the stimulus protocol has been designed 

and tested to detect whether the user is paying attention 

or not. In this protocol, triggers are displayed in the gray 

background. Before displaying the triggers for 

previewing as shown in Fig. 2, first “‘PAY 

ATTENTION TO SCREEN’“ is placed at the top of the 

screen for 2 seconds, then the fixation cross is displayed 

for one second which indicates the start of the 

experiment and eventually triggers will be displayed 

sequentially. 
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Fig. 1 Demonstration of main steps of the proposed method, including paradigm design, preprocessing, and main processing of EEG 

signals. 
 

 
Fig. 2 Stimuli presentation structure. 

 

   In each run, the provocations are repeated 5 times, and 

each fighter’s avatar is displayed four times each time. 

Thus, in each run, 20 images are displayed, which 

include a fighter aircraft. 

   Users were sat about 100 cm from the screen on a 

comfortable chair. Each user was tested with the above-

mentioned three excitation protocols. During testing, 

this protocol is tested in offline mode in two different 

scenarios. In the first scenario, the users were instructed 

to identify the fighter’s image. During the test, the users 

have also been instructed to count the number of times 

that the target is observed. In the second scenario, the 

user is asked to not focus on stimuli and focus as far as 

possible on the corner of the monitor in order to not see 

the image of the fighter. According to [10], the subject’s 

response to stimulation is divided into overtly and 

covertly. In the present study, the subject’s response to 

stimulation is received overtly and also only the brain’s 

electrical activity and EEG signal are used to assess the 

user’s response. The user does not use any muscular 

force or external feedbacks such as pressing the key to 

responding. The user is only asked to count the number 

of target images which is done to increase the user’s 

attention and focus in the experiment. Testing this 

protocol is done in several runs and in one session. Each 

run contains 15 images of the target. Between each run, 

the user rests for a few minutes. 

 

2.4 Data Analysis 

   First, for ERP analysis, all channels were filtered by a 

passive filter in the range of [0.2-30] Hz and then were 

down-sampled at a 512Hz frequency. In the following, 

EEG signals were divided into Epochs ranging from 0 

to 1000 milliseconds after initiation of stimulation. 

Baseline correction in each Epoch is used from 100 to 0 

milliseconds before each stimulation. To remove 

artifacts such as blinking, since the recorded EEG signal 

range is between -50 and 50 μV, epochs with a 

difference of 120μV range between the maximum and 

minimum amplitude are considered artifacts and the 

entire epoch is removed from the signal. 

   To extract the properties, both time and frequency 

features are used. Temporal samples are used as time 

attributes. Among different frequency characteristics 

presented, the wavelet transform is an efficient feature 

for distinguishing between non-target and target stimuli 

in ERP analysis [27-29]. 

   To calculate the wavelet transform coefficients, like 

Fig. 4 on each epoch, a five-octave discrete wavelet 

transform was applied to the original wavelet 

“bior 2.2” [29]. Fig. 4 shows the obtained wavelet 

coefficients for target and non-target stimuli (the blue
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Fig. 3 Frequency coefficients of wavelet transform were 
 

obtained from the 5-step discrete wavelet transformation. 

Fig. 4 Five-stage wavelet decomposition. At the first step, the signal is 

decomposed to coarse Detail (cD1) and coarse Approximation (cA1) 
 

and it keep on. 
 

 
Fig. 5 Detailed demonstration of the amount of different features. Two kinds of features including temporal and frequency features 
 

are used. 

 

and red charts show the wavelet coefficients of the 

target and non-target stimuli, respectively). 

   As shown in Fig. 3, most of the signals in the wavelet 

domain are limited to an initial number of samples, and 

the same samples determine the most distinction 

between the non-target and target signal. Therefore, 

only the initial wavelet coefficients (the first 30 

samples) are used. Then the time samples and the 

wavelet transform coefficients are put together. 

   From the 32 available channels F3, Fz, F4, Fc1, Fc2, 

Cz, Cp1, Cp2, P3, Pz, and P4 are used in our 

experiments. These channels have been selected for two 

reasons. 1) In most papers, most of these channels have 

been used to detect P300 [30-32], 2) These channels 

show more robustness on our data than other channels 

for detecting P300. 

   According to Fig. 5, at first, we separate 1000ms-

windows as epochs and then all epochs are 

downsampled with the frequency of 512 Hz. So we 

would have 512 temporal samples. We had 32 channels 

but we only used 11 channels. In fact, we performed a 

spatial filtering (channel selection or feature reduction 

in spatial domain). Regarding 512 temporal samples, the 

amount of features is equal to 5632. After 

downsampling with the rate of 3, we had 1878 temporal 

samples. For feature extraction by PCA, we extracted 

features that maintain 99% energy of signal (covariance 

matrix). Finally, we obtain 20 temporal features. In 

addition, wavelet transform coefficients were obtained 

using a 5-step discrete wavelet transform. By applying 

this wavelet transform, the signal is decomposed into 

coarse approximation and coarse detail. Wavelet 

coefficients can be obtained by placing approximation 

coefficients from the last stage and detail coefficients 

from different stages together. 

   For object classification and character recognition, 

two classifiers were used: one linear classification 

LDA [33] and one nonlinear SVM [31], and the results 

of these two categories are compared. 

 

2.5 Performance Evaluation of the Algorithm 

   The performance of classification algorithms and 

stimulation protocols are evaluated by the objective 

accuracy criterion. In this test, the accuracy of the 

classification is calculated in two cases. 1) Detecting the 

target occurrence when the user’s attention is directed to 

non-target stimuli. 2) Detecting the target occurrence 

when the user is not paying attention. To determine the 

accuracy of the classification algorithms used, five-fold 
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cross-validation was performed. 

 

3 Results 

3.1 ERP Analysis 

   In Fig. 6, the Grand-average of the P300 component 

for a subject and for electrode Pz is shown. In the blue 

line (or red), the ERP response to target stimuli and the 

red charts shows the response to non-target stimuli. In 

all diagrams, the main component is clearly seen, the 

P300 component is created with a delay of about 300ms 

after initiation of stimulation in the central region of the 

lumbar region, which is shown in Fig.7. 

   The topography of the skull at different times of the 

test also indicates the extent to which brain activators in 

which region and with what latency from the onset of 

stimulation will be maximized. In brain topography, the 

difference in brain activity is clearly visible in non-

target and target stimuli. In these topographies, no 

activity is observed in the non-target stimuli. On the 

other hand, for the target stimuli at a time of about 400-

500ms, the activity of the brain is maximum, and this 

activity is located in the center of the skull, where the 

cognitive cortex is located, and it is confirmed that there 

is a P300 occurrence in the area. 

 

3.2 Classification 

   For offline classification, one non-linear SVM and 

one linear LDA are used. The accuracy of the character 

recognition obtained from these two classes is reported 

for different states and different users in Table 1. For 

training the SVM classification using non-linear SVM 

with Gaussian kernel, stratified parameters (c, σ) are set 

to optimal values using trial and error. 

   In mode 1, the user was asked to completely focus on 

the screen and wait for the trigger image to appear, on 

the other hand in mode 2 the user was asked to 

deliberately avoid looking at the screen. In this study, 

the results for offline categorization, the mean detection 

accuracy obtained for mode1 and mode2 are 75.68% 

and 84.4%, respectively. 

   In fact, the results of the second case are not just the 

data of the second scenario. Rather, the target stimulus 

data in the first scenario (which the user paid close 

attention to and counted to evoke a stronger P300 

component) were categorized with the target stimulus 

 

 
Fig. 6 Target and non-target ERP component curves for an 

individual subject. In each plot, the blue curve corresponds to 

the target and the red curve corresponds to the non-target P300  
 

component detection. 

 
Table 1 Target detection accuracy using LDA and SVM 
 

classifiers in two different modes [%]. 

LDA SVM Classifier 
Mode 2 Mode 1 Mode 2 Mode 1 Mode 

87.5 73.3 72.8 71.3 Subject 1 

81.3 78.0 71.9 78.3 Subject 2 
84.4 75.65 72.35 74.8 Mean  

 

 
Fig. 7 ERP component of target and non-target plots for the subject. In each plot, the red and gray curves show target and non-target 
 

P300 component detection, respectively. 
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data in the second scenario (which the user did not pay 

attention to). Basically, if only the data of the second 

scenario are classified, it has no special meaning. The 

purpose of this classification is to evaluate how 

accurately the user’s attention and inattention can be 

distinguished. 

 

4 Conclusion 

   ERP is known to be very accurate in relation to the 

detection of visual stimuli. Using ERP, a novel method 

to test the focus of monitoring device operators such as 

operators for radars used in Navy ships was suggested. 

In this method, a Visual Stimuli was utilized to produce 

P300. As shown in the results section, the protocol used 

in this paper yielded an accuracy of up to 87% when the 

subject was paying attention. By implementing the 

method devised in this study, the focus of radar 

monitoring operators can be accurately deduced and 

even corrected considerably. 

 

References 

[1] A. M. Mijani, A. Einizade, M. B. Shamsollahi, and 

B. Taghi Beyglou, “Cross-subject and cross-

paradigmlearning using convolutional neural 

network for P300 event-related potential detection,” 

Journal of Neurology and Neuroscience, Vol. 11, 

No. 5, p. 329, 2020. 

[2] V. H. C. D. Albuquerque, R. Damaševičius, 

N. M. Garcia, and P. R. Pinheiro, “Brain computer 

interface systems for neurorobotics: Methods and 

applications,” BioMed Research International, 2017. 

[3] A. M. Mijani, M. B. Shamsollahi, M. S. Hassani, 

and S. Jalilpour, “Comparison between single, dual 

and triple Rapid serial visual presentation paradigms 

for P300 speller,” in IEEE International Conference 

on Bioinformatics and Biomedicine (BIBM), 

pp. 2635–2638, 2018. 

[4] A. Vourvopoulos, E. Niforatos, M. Hlinka, 

F. Škola, and F. Liarokapis, “Investigating the effect 

of user profile during training for BCI-based 

games,” in 9th International Conference on Virtual 

Worlds and Games for Serious Applications (VS-

Games), pp. 117–124, 2017. 

[5] A. M. Mijani, M. B. Shamsollahi, and 

M. S. Hassani, “A novel dual and triple shifted 

RSVP paradigm for P300 speller,” Journal of 

Neuroscience Methods, Vol. 328, p. 108420, 2019. 

[6] H. Berger, “Über das elektroenkephalogramm des 

menschen,” Archiv für Psychiatrie und 

Nervenkrankheiten, Vol. 87, No. 1, pp. 527–570, 

1929. 

[7] N. Srinivasan, “Cognitive neuroscience of 

creativity: EEG based approaches,” Methods, 

Vol. 42, No. 1, pp. 109–116, 2007. 

[8] S. J. Roberts and W. D. Penny, “Real-time brain-

computer interfacing: A preliminary study using 

Bayesian learning,” Medical and Biological 

Engineering and Computing, Vol. 38, No. 1, pp. 56–

61, 2000. 

[9] P. Etévenon, N. Lebrun, P. Clochon, G. Perchey, 

F. Eustache, and J. C. Baron, “High temporal 

resolution dynamic mapping of instantaneous EEG 

amplitude modulation after tone-burst auditory 

stimulation,” Brain Topography, Vol. 12, No. 2, 

pp. 129–137, 1999. 

[10] M. Salvaris and F. Sepulveda, “Classification 

effects of real and imaginary movement selective 

attention tasks on a P300-based brain–computer 

interface,” Journal of Neural Engineering, Vol. 7, 

No. 5, p. 056004, 2010. 

[11] Z. Lin, C. Zhang, Y. Zeng, L. Tong, and B. Yan, 

“A novel P300 BCI speller based on the Triple 

RSVP paradigm,” Scientific Reports, Vol. 8, No. 1, 

pp. 1–9, 2018. 

[12] S. Sur and V. Sinha, “Event-related potential: An 

overview,” Industrial Psychiatry Journal, Vol. 18, 

No. 1, p. 70, 2009. 

[13] Z. İşcan and V. V. Nikulin, “Steady state visual 

evoked potential (SSVEP) based brain-computer 

interface (BCI) performance under different 

perturbations,” PloS One, Vol. 13, No. 1, 

p. e0191673, 2018. 

[14] J. Chen, D. Zhang, A. K. Engel, Q. Gong, and 

A. Maye, “Application of a single-flicker online 

SSVEP BCI for spatial navigation,” PloS One, 

Vol. 12, No. 5, p. e0178385, 2017. 

[15] A. Turnip, K.-S. Hong, and M. Y. Jeong, “Real-

time feature extraction of P300 component using 

adaptive nonlinear principal component analysis,” 

Biomedical Engineering Online, Vol. 10, No. 1, 

pp. 1–20, 2011. 

[16] Q. Ma, Q. Shen, Q. Xu, D. Li, L. Shu, and 

B. Weber, “Empathic responses to others’ gains and 

losses: An electrophysiological investigation,” 

Neuroimage, Vol. 54, No. 3, pp. 2472–2480, 2011. 

[17] R. van Dinteren, M. Arns, M. L. Jongsma, and 

R. P. Kessels, “P300 development across the 

lifespan: A systematic review and meta-analysis,” 

PloS One, Vol. 9, No. 2, p. e87347, 2014. 

[18] J. Polich, “Updating P300: an integrative theory of 

P3a and P3b,” Clinical Neurophysiology, Vol. 118, 

No. 10, pp. 2128–2148, 2007. 

[19] H. Cecotti and G. Prasad, “Single-trial detection of 

realistic images with magnetoencephalography,” in 

International Joint Conference on Neural Networks 

(IJCNN), pp. 1–6, 2015. 



A Novel Method in Attention Measurement for Operators of 

 
… S. A. Karimi and S. Mirzakuchaki 

 

Iranian Journal of Electrical and Electronic Engineering, Vol. 17, No. 4, 2021 7 

 

[20] Z. Lin, Y. Zeng, H. Gao, L. Tong, C. Zhang, 

X. Wang, Q. Wu, and B. Yan, “Multirapid serial 

visual presentation framework for EEG-based target 

detection,” BioMed Research International, 2017. 

[21] S. J. Luck, G. F. Woodman, and E. K. Vogel, 

“Event-related potential studies of attention,” Trends 

in Cognitive Sciences, Vol. 4, No. 11, pp. 432–440, 

2000. 

[22] N. H. Liu, C. Y. Chiang, and H. C. Chu, 

“Recognizing the degree of human attention using 

EEG signals from mobile sensors,” Sensors, Vol. 13, 

No. 8, pp. 10273–10286, 2013. 

[23] M. Alirezaei and S. H. Sardouie, “Detection of 

human attention using EEG signals,” in 24th 

National and 2nd International Iranian Conference 

on Biomedical Engineering (ICBME), pp. 1–5, 2017. 

[24] M. Geravanchizadeh and S. B. Gavgani, “Selective 

auditory attention detection based on effective 

connectivity by single-trial EEG,” Journal of Neural 

Engineering, Vol. 17, No. 2, p. 026021, 2020. 

[25] V. Abootalebi, M. H. Moradi, and 

M. A. Khalilzadeh, “A new approach for EEG 

feature extraction in P300-based lie detection,” 

Computer Methods and Programs in Biomedicine, 

Vol. 94, No. 1, pp. 48–57, 2009. 

[26] A. E. Alchalabi, M. Elsharnouby, 

S. Shirmohammadi, and A. N. Eddin, “Feasibility of 

detecting ADHD patients’ attention levels by 

classifying their EEG signals,” in IEEE 

International Symposium on Medical Measurements 

and Applications (MeMeA), pp. 314–319, 2017. 

[27] S. Agapov, V. Bulanov, A. Zakharov, and 

M. Sergeeva, “Wavelet algorithm for the 

identification of P300 ERP component,” arXiv 

Preprint, arXiv:1611.00033, 2016. 

[28] A. Nakate and P. Bahirgonde, “Feature extraction 

of EEG signal using wavelet transform,” 

International Journal of Computer Applications, 

Vol. 124, No. 2, 2015. 

[29] A. Tahmasebzadeh, M. Bahrani, and 

S. K. Setarehdan, “Development of a robust method 

for an online P300 speller brain computer interface,” 

in 6th International IEEE/EMBS Conference on 

Neural Engineering (NER), pp. 1070–1075, 2013. 

[30] Y. H. Liu, J. T. Weng, H. P. Huang, and J. T. Teng, 

“A robust P300-speller brain-computer interface 

based on kernel PCA,” Applied Mechanics and 

Materials, Vol. 300, pp. 721–724, 2013. 

[31] A. Rakotomamonjy and V. Guigue, “BCI 

competition III: dataset II-ensemble of SVMs for 

BCI P300 speller,” IEEE Transactions on 

Biomedical Engineering, Vol. 55, No. 3, pp. 1147–

1154, 2008. 

[32] M. Kaper, P. Meinicke, U. Grossekathoefer, 

T. Lingner, and H. Ritter, “BCI competition 2003-

data set IIb: support vector machines for the P300 

speller paradigm,” IEEE Transactions on 

Biomedical Engineering, Vol. 51, No. 6, pp. 1073–

1076, 2004. 

[33] L. Acqualagna and B. Blankertz, “Gaze-

independent BCI-spelling using rapid serial visual 

presentation (RSVP),” Clinical Neurophysiology, 

Vol. 124, No. 5, pp. 901–908, 2013. 

 

 

 

S. A. Karimi received the B.Sc. Degree 

in Electrical Engineering from the Iran 

University of Science and Technology 

(IUST), Tehran, in 2003 and the M.Sc. 

degree in Electrical Engineering from the 

University of Amirkabir, Tehran, Iran, in 

2012. His research interests include 

machine learning, digital signal 

processing, bioinstrumentation, VHDL 

simulation and FPGA implementation, analogue and digital 

system design. 

 

 

S. Mirzakuchaki received the B.Sc. 

degree in Electrical Engineering from the 

University of Mississippi in 1989 and the 

M.Sc. and Ph.D. degrees in Electrical 

Engineering from the University of 

Missouri-Columbia in 1991 and 1996, 

respectively. He has been a faculty 

member of the College of Electrical 

Engineering at the Iran University of 

Science and Technology (IUST), Tehran, since 1996. His 

current research interests include characterization of 

semiconductor devices and design of VLSI circuits. Dr. 

Mirzakuchaki is a member of the Institute of Engineering and 

Technology (formerly IEE) and a Chartered Engineer. 
 

 

 

 

 

© 2021 by the authors. Licensee IUST, Tehran, Iran. This article is an open access article distributed under the 

terms and conditions of the Creative Commons Attribution-NonCommercial 4.0 International (CC BY-NC 4.0) 

license (https://creativecommons.org/licenses/by-nc/4.0/). 
 

https://creativecommons.org/licenses/by-nc/4.0/
https://creativecommons.org/licenses/by-nc/4.0/

	1 Introduction
	2 Material and Methods
	2.1 Subjects and Experimental Protocol
	2.2 EEG Signal Acquisition
	2.3 Experiment Design and Procedure
	2.4 Data Analysis
	2.5 Performance Evaluation of the Algorithm

	3 Results
	3.1 ERP Analysis
	3.2 Classification

	References

