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     Abstract: Now a days, Electroencephalography (EEG) is 
popular to monitor human’s cognitive workload. EEG signals are 
delicate to the variation in cognitive load in various fields 
including observing cognitive workload for the intricate 
environment of military chores. Earlier to acquire the EEG 
signals high-cost EEG systems were used which bounds their use 
but now a day’s low-cost headsets are available to capture EEG 
which makes it a promising set-up to measure cognitive workload. 
EEGs are initially preprocessed to reflect the artifacts present in it. 
After preprocessing, signals are ready for further processing. The 
power spectral density corresponds to the power distribution of 
EEG signal in the frequency domain which is used to assess the 
changes in the pattern of the brain.  This paper discusses the 
present progress of research in cognitive workload identification 
and identifies the techniques associated with the cognitive 
workload. This proposed research gives the analysis of EEG 
signal power spectrum density (PSD) during resting state and 
cognitive workload activities of a human. With power spectral 
analysis of the EEG signal, seven statistical parameters have been 
calculated (minimum, maximum, mean, median, mode, standard 
deviation and range) have been calculated Analysis showed that 
the in cognitive workload, PSD has significantly changed if 
compared to the resting state. 

Keywords :      Electroencephalography, Cognitive workload, 
Power Spectral Density, Feature Extraction, Statistical 
Parameters. 
 

I. INTRODUCTION 

The analysis of human cognitive activity has fascinated a lot 
of researchers [1-4]. The process of activation of various 
areas of the brain during the cognitive tasks has been mostly 
considered by the spectral analysis (power spectral density) 
which is based on Fast Fourier Transform [1]. The automated 
analysis of the electroencephalogram to evaluate mental 
states of human like the cognitive workload is increasing day 
by day [5, 6]. For some specific task, the capacity of mental 
demand is indicated by cognitive workload [7, 8]. EEG 
signals are categorized on the basis of frequency: alpha 
waves (8 - 13 Hz), beta waves (≥ 13 Hz), theta waves (3.5 - 
7.5 Hz), delta waves ( ≤ 3 Hz) [9,10,33]. The noise present in 
the acquired EEG signal is known as artifacts [11, 12]. The 
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removal of the artifacts is essential for further processing. 
Power spectral density (PSD) is one of the potential feature 
extraction techniques to differentiate the variations in 
electrophysiological processing of the brain [13]. 
Artifact-free EEG signal is segmented into epochs and power 
spectra are computed by the use of FFT [14, 15]. .Many 
researchers explored EEG based cataloging along with an 
assessment of person working memory load [16-19]. The 
several mental workload evaluation methods are classified 
into two groups: subjective questionnaires and objective. The 
techniques implemented to evaluated cognitive workload in 
literature and the feature extraction using power spectral 
density are discussed in Section II. The detail materials 
required and method to be used for feature extraction spectral 
amplitude using power spectrum density of resting state and 
cognitive workload state is discussed in Section III followed 
by the results and discussion in Section IV. The paper is 
concluded by the conclusion in Section V. 

II. RELATED WORK 

The function of power over frequency is spectral analysis. 
EEG is used as a Physiological measurement for the 
cognitive workload identification. Through the Physiological 
measurement, EEG mental resources spent in a task can be 
predicted through the spectral power of the EEG signals. The 
delta power increases during task performance while theta 
band and alpha band power decreases during complex mental 
tasks like arithmetic tasks. The beta band power increases in 
occipital, temporal and fronto-central acquired by EEG 
channel locations. This increase in the beta band power 
indicates the increased in cognitive load. Therefore, the 
analysis of the power spectrum of EEG data has been used for 
the measurement of cognitive load [20]. The feature 
extraction of EEG signals can be done in the time domain, 
frequency domain and combination of both domains. The 
frequency domain feature extraction techniques have been 
used to capture EEG signal characteristics which may be 
relevant to evaluate cognitive workload. The Power Spectral 
Density (PSD) feature is generally used for feature extraction 
in the frequency domain [1, 13, 20].Numerous techniques are 
applied by researchers to estimate cognitive workload like 
identifying multiple biomarkers, data mining, machine 
learning, and attention training, which reduces time 
complexity and the signal dimension representations. The 
concept of cognitive training involvements, human brain 
connectome has been introduced and the proposed EEG 
biomarkers for cognitive workloads. It has been explained 
that cognitive overwork and mental exhaustion eradicate 
cognitive training interventions which affect not only a 
particular brain area but the brain sub-networks [21]. 
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 They also proposed that for a brain enhancement system, the 
brain connectome approach is very helpful. With a cognitive 
training intervention like a video game training, working 
memory training cognitive functions of the brain can be 
improved [22-24]. Biomarkers are used to envisage a 
person’s intelligence or learner’s successive learning rate. 
The environment of digital learning can be established by 
merging various methods from Cognitive Psychology, 
neuroscience and computer science. A solution has been 
proposed to an existing problem that in a real-time there is a 
deficiency of an unobtrusive approach to constantly evaluate 
the learners working memory load [25]. A road traffic safety 
was assessed by studying the behavior of drivers and its 
consequences on the cognitive workload in composite 
surroundings regions. Initially, the driving workload was 
verified on signs of traffic among altered data. The results 
show that the workload is extremely associated with 
information on signs of traffic and response time rises with 
the grade of information & driving performance is affected 
by driving workload. Results also show that experience & 
gender affects the speed of a driving and track deviation [26]. 
The concept of the ability of the human and demand gap 
along with its connotation among task-evoked cognitive 
overload and cognitive dissonance was proposed. By the use 
of Kolmogorov-Smirnov statistics, the extreme gap was 
calculated. A cyclical and the non-linear association were 
found among the capacity of working memory, cognitive 
overload and cognitive dissonance [27]. 

The EEG signals used to evaluate person mental workload 
and the task engagement level was described. There is the 
change in the state of the brain as EEG changes for diverse 
tasks and that change was enumerated and then an 
arithmetical test of consequence was done on the calculated 
EEG index. The results showed a more mental workload was 
observed in persons with more tension levels were more than 
control experiment. The consequences are helpful in 
observing the astronaut or the human cognitive recital for 
their safety and performance enhancement [28-29]. 

 
As literature findings show spectral analysis is the 

frequently used technique for analysis of EEG signal. It gives 
frequency content of the EEG signal i.e. the distribution of 
power over frequency. PSD analysis is a mathematical 
technique which has been used for the analysis of frequencies 
of EEG signals using Fourier transformations [30].EEG 
patterns have been examined for resting state and cognitive 
workload state to investigate task-related modulation of 
spectral power of EEG in various subjects.  

III. MATERIALS & METHODS 

This research proposes the setup design for feature extraction 
and analysis of EEG signals to differentiate resting state and 
cognitive workload state. Block diagram of the EEG based 
system to differentiate resting state and cognitive workload 
state is shown in Fig.1. 
(i) EEG Signal Acquisition  
The spectral analysis of EEG signals has been done in 
MATLAB (R2016a, 64bit). The EEG signals have been 
loaded from online database Physiobank ATM to Matlab 
workspace using ‘edfread’ command for further processing. 

EEG signal dataset in the desired format is introduced from 
the EEG during the mental arithmetic task database of 
Physiobank ATM. In this database, EEG signals have been 
recorded using the Neurocom EEG 23-channel system. The 
database of EEG signals has been acquired from subjects 
before and during the performance of mental arithmetic tasks 
using different channels of the 10-20 EEG signal acquisition 
system. An EEG signal of five subjects, before the mental 
arithmetic task and during the arithmetic task has been 
considered in the proposed work. The arithmetic task during 
the recording is the serial subtraction of two numbers 
[31-32]. 
 (ii)EEG artifact elimination  
As literature findings show eradication of different types of 
artifacts in encephalogram is crucial. After loading the EEG 
signals from online database Physiobank ATM, the artifact 
has been removed using a bandpass filter. A bandpass filter is 
used to eliminate the low and high frequency noises with a 
cut off frequency of 0.1- 25 Hz. 

 

 
 

Fig.1. Block diagram of the proposed EEG system to differentiate resting state and cognitive workload state 
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Fig.2. Detailed workflow of the proposed EEG system to 
differentiate resting state and cognitive workload state 

(iii)EEG Signal Processing  
In Matlab, EEG signals have been loaded and then noise has 
been eliminated in loaded EEG signals. The feature 
extraction has been done in the frequency domain. Fig.2 
shows stages of the work employed in this study. There has a 
variety of potential techniques which has been used in EEG 
signal analysis with feature extraction to be made in the 
frequency domain, time domain or both the domains. The 
spectral analysis can be done in two ways parametric and 
nonparametric. Here, nonparametric FFT (Fast Fourier 
Transform) has been employed to obtain the power spectral 
density of the loaded EEG signals. The FFT involves a signal 
length of some power of two for the transform and divide the 
procedure into cascading groups of 2 to develop the 
symmetries which considerably improves its processing 
speed. Therefore, before applying the FFT algorithm, the 
matlab function nextpow2 has been used to pad the signal 
which fastens the computation of the FFT when the signal 
length is not an exact power of 2. A discrete Fourier 
transform of artifacts free EEG signal has been computed 
using an FFT algorithm and then using abs function, 
the absolute value of each element in the array has been 
calculated and power spectral density of EEG signals have 
been plotted. With power spectral analysis of the EEG 
signal, following statistical parameters have been 
calculated:- 
1. Minimum- Smallest or minimum value of the power 

frequency. 
2. Maximum- Largest or maximum value of the power 

frequency. 
3. Mean – Average of all sample of power frequency of 

EEG signal. 
4. Median- median of the power frequency of the EEG 

signal. 
5. Mode- The frequent occurrence of the power frequency 

of the EEG signal. 
6. Std- Standard deviation evaluates electrodes power 

frequency deviation from a mean value. 

7. Range- The range is the difference obtained between the 
minimum and maximum values in the power frequency. 

The loading of EEG signals to MATLAB workspace, 
preprocessing of EEG signals and computational of power 
spectral density with feature extraction minimum, 
maximum, mean, median, mode, standard deviation and 
range can be summed up in the form of a competent 
MATLAB algorithm, as shown in Fig.2. 

 
IV.RESULTS AND DISCUSSION 

 
The algorithm to compute power spectral of EEG signal has 
been implemented in MATLAB release (R2016a).The 
description of the results obtained and its analysis is 
discussed. The power spectral density of 5 different subjects 
during resting and cognitive workload state has been shown 
in Fig.2. It shows that there is the variation in the power 
intensity and slight frequency shift was observed in different 
participants. The artifact-free EEG signals have been 
extracted for spectral analysis using Fast Fourier 
Transformation algorithm in MATLAB and power density 
spectrum in frequency band 0.1 Hz to 25Hz of every subject 
during resting and cognitive workload state has been plotted 
for all five subjects. 
 

 
(a) PSD of Subject1 during resting state 

 
(b) PSD of Subject1 during cognitive workload state 

 
 

https://www.openaccess.nl/en/open-publications
file:///C:/Program%20Files/MATLAB/R2016a/help/matlab/ref/abs.html%23budexws-4
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(c) PSD of Subject2 during resting state 

 
 

(d) PSD of Subject2 during cognitive workload state 

 
(e) PSD of Subject3 during resting state 

 
(f) PSD of Subject3 during cognitive workload state 

 
(g) PSD of Subject4 during resting state 

 
(h) PSD of Subject4 during cognitive workload state 

 
(i) PSD of Subject5 during resting state 

 
(j)PSD of Subject5 during cognitive workload 

state 

 
Fig.3. Power Spectral Densities of various subjects using FFT algorithm in resting and cognitive workload 

state. 
Fig.3 shows power spectral density plots of EEG signals of 
five subjects during resting state and cognitive workload 
state. As there have been significant differences in power 
spectral density of resting and cognitive workload states, it is 
considered as an excellent option for a feature extraction 
technique. It could also be used as an indicator of cognitive 
workload. These power peaks were common, both in resting 
and cognitive state though slight variation such as power 
intensity and slight frequency shift (between 7Hz and 25Hz) 

has been observed in different participants. The maximum 
signal power is up to 27.28 dB during resting state while in 
the cognitive state it is 24.3 dB having a frequency range of 
0-5 Hz. Table.1 shows that statistical parameters: minimum, 
maximum, mean, median, mode, standard deviation and 
range of the power frequency of the EEG signal have been 
calculated.  
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The value of the various parameters for five subjects during 
resting state and cognitive workload state. The average 
values of the statistical parameters in table shows that in 

cognitive workload state there is significant variation in the 
parameters as compared to the resting state. 

Table-I: Data Statistics obtained for Power Spectral Density of five Subjects during resting and cognitive workload 
state 

 

 
A- Resting State 
B- Cognitive Workload State 

(a) Analysis of  Minimum of Power frequency of 
various subjects for Resting & Cognitive State 

 
A- Resting State 
B- Cognitive Workload State 

(b) Analysis of  Maximum of Power frequency of 
various subjects for Resting & Cognitive State 

A B 

Subject1 

Subject2 

Subject3 

Subject4 

Subject5 
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 Subject1 Subject2 Subject3 Subject4 Subject5 Average of 5 subjects 

 Resting 
State 

Cognitive 
Workload 
State 

Resting 
State 

Cognitive 
Workload 
State 

Resting  
State 

Cognitive  
Workload  
State 

Resting 
State 

Cognitive 
Workload 
State 

Resting 
State 

Cognitive 
Workload 
State 

Resting 
State 

Cognitive 
Workload 
State 

Min -51.8 -55.43 -35.98 -48.99 -36.92 -44.24 -33.68 -48.43 -40.06 -50.93 -39.69 -49.60 

Max 22.87 19.6 20.89 19.6 20.46 19.05 27.13 22.85 27.28 24.3 23.73 21.08 

Mean 
 

-23.27 -31.25 -17.93 -28.02 -24.14 -27.25 -24.09 -27.32 -21.12 -29.54 -22.11 -28.68 

Median -27.46 -39.28 -22.38 -32.43 -29.19 -32.37 -30.03 -33.97 -26.09 -34.96 -27.03 -34.60 

Mode -51.8 -55.43 -35.98 -48.98 -36.92 -44.24 -33.68 -48.43 -40.06 -50.93 -39.69 -49.60 

Std 14.91 17.29 10.7 14.67 12.48 14.23 13.02 13.94 12.9 16.07 12.80 15.24 

Range 74.66 75.03 56.87 68.58 57.38 63.29 60.81 71.28 67.33 75.23 63.41 70.68 

https://www.openaccess.nl/en/open-publications
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A- Resting State 
B- Cognitive Workload State 

(c)Analysis of Mean of Power frequency of various subjects 
for Resting & Cognitive State 

 
A- Resting State 
B- Cognitive Workload State 
(c) Analysis of  Median of Power frequency of various 

subjects for Resting & Cognitive State 

 
A- Resting State 
B- Cognitive Workload State 
(e) Analysis of  Mode of Power frequency of various 

subjects for Resting & Cognitive State 

 
A- Resting State 
B- Cognitive Workload State 

(f)Analysis of Standard deviation of Power frequency of 
various subjects for Resting & Cognitive State 

 
A- Resting State 
B- Cognitive Workload State 
 

(g)Analysis of Range of Power frequency of various subjects 
for Resting & Cognitive State 

Fig.4. Analysis of Statistical Parameters of Power 
frequency of various subjects for Resting & Cognitive 

State 
 
The statistical parameters of various subjects during resting 
state and cognitive workload state for EEG signal 
preprocessing has been depicted in Fig.4. The analysis of a 
minimum of power frequency(Fig.4(a)) shows that with the 
cognitive workload the minimum power decreases and 
Fig.4(b) represents that with the cognitive workload 
maximum power decreases as average values during resting 
state comes out is 23.73 and during cognitive workload, it’s 

21.08. Mean during resting state is more than mean during 
cognitive workload state as shown in Fig.4(c). The average 
values of median during resting state comes out to be -27.03 
and during cognitive workload state, it is -34.60 as shown in 
the analysis Fig.4 (d) shows that median decreases with the 
cognitive workload. The same trend comes out for mode as 
shown in Fig.4 (e). The standard deviation increases with the 
cognitive workload. The average value of the standard 
deviation is 12.80 during resting state and 15.24 during 
cognitive workload state shows that during cognitive 
workload state fluctuation from the mean increases as 
compared to the resting state (Fig.4 (f)).  
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 The analysis of range shown in Fig.4 (g) shows that range 
increases during cognitive workload as compared to the 
resting state. It has been concluded that oscillations decrease 
in the cognitive workload state as compared to resting state. 
These decreases have been mainly located in parietal and 
temporal brain regions. 

IV. CONCLUSION 
 
At the outset, human brain behavior is a potential thrust in 
building the robust machine learning devices of the future 
technological devices. The study of brain signal is 
fundamentally classified into two approaches: primarily it 
can be carried out by employing EEG signals and the second 
approach involves the use of Electromagnetic waves. In this 
paper, the EEG signal approach for the analysis of the brain 
cognitive functions is studied. The limitations of the 
previously done work in this domain have been highlighted 
which will act as a strong launch pad for further research. 
Primarily the EEG should be captured using the low-cost 
headset which makes EEG as a propitious tool for continuous 
measurement of the cognitive workload. Enhanced EEG 
acquisition systems, robust signal processing algorithms, and 
classification rules are required to be developed to observe 
delicate changes in brain waves when subjected to cognitive 
tasks.EEG signals have been preprocessed before computing 
power spectral density of the EEG signal during resting and 
cognitive workload state. The analysis of statistical 
parameters (minimum, maximum, mean, median, mode, 
standard deviation, range) shows that in cognitive workload 
state, capable changes have been seen in power frequencies if 
compared to resting state. The power spectral density using 
FFT as a feature extraction technique is continued to use in 
the future. 

REFERENCES 

1. Seleznov, I., Zyma, I., Kiyono, K., Tukaev, S., Popov, A., Chernykh, M., 
Shpenkov,O.: Detrended Fluctuation, Coherence and Spectral Power 
Analysis of Activation Rearrangement in EEG Dynamics During 
Cognitive Workload. Frontiers in Human Neuroscience.13, 1-16(2019). 

2. Eysenck, M. W.,  Brysbaert, M. : Fundamentals of Cognition. 3rd 
Edition. Routledge, Taylor & Francis Group(2018). 

3.  Illeris, K.  A comprehensive understanding of human learning’ in 

Contemporary Theories of Learning. 1–14.Routledge, Taylor and 
Francis group) (2018). 

4.  Beaty, R. E., Benedek, M., Silvia, P. J., Schacter, D. L. : Creative 
cognition and brain network dynamics. Trends in Cognitive Science. 20, 
87–95(2018). doi: 10.1016/j.tics.2015.10.004 

5. Chandra, S., Verma, K., Sharma, G., Mittal, A., Jha, D.: EEG based 
cognitive workload classification during NASA MATB-II multitasking. 
International Journal of Cognitive Research in Science, Engineering and 
Education. 3, 35-42 (2015). 

6. Hagelstein, M., Koenderman, W., Prins, N., Dippel, D., Koudstaal, P., 
Brink, E.: Efficacy of early cognitive-linguistic treatment and 
communicative treatment in aphasia after stroke: a randomised 
controlled trial (RATS-2). J Neurol Neurosurg Psychiatry. 82, 399-404 
(2010).doi: 10.1136/jnnp.2010.210559. 

7. Cain, B.: A review of the mental workload literature. Defence Research 
and Development, Canada, Toronto. 1-34 (2007). 

8. Li, J., Wang, Y., Zhang, L., Cichocki, A., Jung, T.: Decoding EEG in 
Cognitive Tasks With Time-Frequency and Connectivity Masks. IEEE 
Transactions on Cognitive and Developmental Systems. 8, 298-308 
(2016).doi:10.1109/tcds.2016.2555952.7. 

9.  Radüntz, T., Scouten, J., Hochmuth, O., Meffert, B.: EEG artifact 
elimination by extraction of ICA-component features using image 
processing algorithms. Journal of Neuroscience Methods. 243, 84-93 
(2015).doi: 10.1016/j.jneumeth.2015.01.030. 

10. Khatter, A.: EEG Ocular Artifact Elimination by Extraction of ICA 
Component. International Journal of Scientific Research in Science, 
Engineering and Technology. 3, 893-897 (2017). 

11. Hefron, R., Borghetti, B., Schubert Kabban, C., Christensen, J., Estepp, 
J.: Cross-Participant EEG-Based Assessment of Cognitive Workload 
Using Multi-Path Convolutional Recurrent Neural Networks. Sensors. 
18, 1339 (2018).doi: 10.3390/s18051339 

12. Zarjam, P., Epps, J., Chen, F., Lovell, N.: Estimating cognitive workload 
using wavelet entropy-based features during an arithmetic task. 
Computers in Biology and Medicine. 43, 2186-2195 (2013).doi: 
10.1016/j.compbiomed.2013.08.021.  

13. Mahmoodin, Z., Mansor, W., Lee, K.Y., Mohamad ,N.B. :An analysis of 
EEG signal power spectrum density generated during writing in children 
with dyslexia. 2015 IEEE 11th International Colloquium on Signal 
Processing & Its Applications (CSPA).6th -8th March2015Malaysia 
(2015).doi: 10.1109/CSPA.2015.7225637. 

14. Lin, C.T., Huang, C.S., Yang, W.Y., Singh, A.K., Chuang, 
C.H.,Wang,Y.K.:Real-Time EEG Signal Enhancement Using Canonical 
Correlation Analysis and Gaussian Mixture Clustering. Journal of 
Healthcare Engineering. Article ID 5081258, 
1-11(2018).doi:10.1155/2018/5081258. 

15.  Jobert M, Wilson F, J, Ruigt G, S, F, Brunovsky M, Prichep L, S, 
Drinkenburg W, H, I, M: Guidelines for the Recording and Evaluation of 
Pharmaco-EEG Data in Man. The International Pharmaco-EEG Society 
(IPEG). Neuropsychobiology.66,201-220(2012). doi: 
10.1159/000343478 

16. Zarjam, P., Epps, J., Lovell, N.: Beyond Subjective Self-Rating: EEG 
Signal Classification of Cognitive Workload. IEEE Transactions on 
Autonomous Mental Development. 7, 301-310 (2015).doi: 
10.1109/tamd.2015.2441960. 

17. Katus, T., Grubert, A., Eimer, M.: Intermodal Attention Shifts in 
Multimodal Working Memory. Journal of Cognitive Neuroscience. 29, 
628-636 (2017).doi: 10.1162/jocn_a_01072. 

18. Taya, F., Sun, Y., Babiloni, F., Thakor, N., Bezerianos, A.: Brain 
enhancement through cognitive training: a new insight from brain 
connectome. Frontiers in Systems Neuroscience. 9, (2015). 
doi:10.3389/fnsys.2015.00044. 

19. Theoto Rocha, F., Goncalves de Magalhaes Junior, R., Oliveira Horta, 
T., Henrique Goncalves Cesar, F., Maurice D'Israel, D., da Silva, W., 
Thomaz, C.: EEG acquisition and processing for cognitive brain 
mapping during chess problem solving. IEEE Latin America 
Transactions. 14, 1129-1134 (2016).doi: 10.1109/tla.2016.7459589. 

20.  Kumar,N., Kumar,J.:Measurement of Cognitive Load in HCI Systems 
Using EEG Power Spectrum: An Experimental Study,Procedia 
Computer Science, 84,70-78(2016).doi:10.1016/j.procs.2016.04.068. 

21. He, B., Baird, R., Butera, R., Datta, A., George, S., Hecht, B., Hero, A., 
Lazzi, G., Lee, R., Liang, J., Neuman, M., Peng, G., Perreault, E., 
Ramasubramanian, M., Wang, M., Wikswo, J., Yang, G., Zhang, Y.: 
Grand Challenges in Interfacing Engineering With Life Sciences and 
Medicine. IEEE Transactions on Biomedical Engineering. 60, 589-598 
(2013).doi:10.1109/tbme.2013.2244886. 

22.  Edelman, B., Baxter, B., He, B.: EEG Source Imaging Enhances the 
Decoding of Complex Right-Hand Motor Imagery Tasks. IEEE 
Transactions on Biomedical Engineering. 63, 4-14 (2016).doi: 
10.1109/tbme.2015.2467312. 

23. Gerjets, P., Walter, C., Rosenstiel, W., Bogdan, M., Zander, T.: 
Cognitive state monitoring and the design of adaptive instruction in 
digital environments: lessons learned from cognitive workload 
assessment using a passive brain-computer interface approach. Frontiers 
in Neuroscience. 8, (2014).doi:10.3389/fnins.2014.00385. 

24. Albinet, C., Boucard, G., Bouquet, C., Audiffren, M.: Processing speed 
and executive functions in cognitive aging: How to disentangle their 
mutual relationship?. Brain and Cognition. 79, 1-11 (2012).doi: 
10.1016/j.bandc.2012.02.001. 

25. Lyu, N., Xie, L., Wu, C., Fu, Q., Deng, C.: Driver’s Cognitive Workload 

and Driving Performance under Traffic Sign Information Exposure in 
Complex Environments: A Case Study of the Highways in China. 
International Journal of Environmental Research and Public Health. 14, 
203 (2017).doi: 10.3390/ijerph14020203. 

26. Ke, Y., Qi, H., He, F., Liu, S., Zhao, X., Zhou, P., Zhang, L., Ming, D.: 
An EEG-based mental workload estimator trained on working memory 
task can work well under simulated multi-attribute task. Frontiers in 
Human Neuroscience. 8, (2014). 

27. Rabbi, A., Zony, A., de Leon, P., Fazel-Rezai, R.: Mental workload and 
task engagement evaluation based on changes in electroencephalogram. 
Biomedical Engineering Letters. 2, 139-146 (2012).doi: 
10.1007/s13534-012-0065-8. 

28. Wiebe, E., Roberts, E., Behrend, T.: An examination of two mental 
workload measurement approaches to understanding multimedia 
learning. Computers in Human Behavior. 26, 474-481 (2010).doi: 
10.1016/j.chb.2009.12.006. 

 
 

https://www.openaccess.nl/en/open-publications
https://ieeexplore.ieee.org/author/37085372822
https://ieeexplore.ieee.org/author/37320486300
https://ieeexplore.ieee.org/author/38570911800
https://ieeexplore.ieee.org/author/37528345300
https://ieeexplore.ieee.org/xpl/conhome/7175993/proceeding
https://ieeexplore.ieee.org/xpl/conhome/7175993/proceeding
https://doi.org/10.1109/CSPA.2015.7225637
https://doi.org/10.1155/2018/5081258


 
A cognitive workload identification using EEG Power Spectrum 

 

8524 
Retrieval Number: C5799098319/2019©BEIESP 
DOI:10.35940/ijrte.C5799.118419 
Journal Website: www.ijrte.org 
 

Published By: 
Blue Eyes Intelligence Engineering 
& Sciences Publication  

29. Marinescu, A., Sharples, S., Ritchie, A., López, T., McDowell, M., 
Morvan, H.: Exploring the Relationship between Mental Workload, 
Variation in Performance and Physiological Parameters. 
IFAC-PapersOnLine. 49, 591-596 
(2016).doi:10.1016/j.ifacol.2016.10.618. 

30. Rajak, B. L. , Gupta, M. , Bhatia, D. , Mukherjee, A. , Paul, S. , & Sinha, 
T. K.: Power Spectrum Density Analysis of EEG Signals in Spastic 
Cerebral Palsy Patients by Inducing r-TMS Therapy. Journal of 
Biomedical Engineering and Technology, 4(1), 7-11(2016). 

31. Zyma, I., Tukaev, S., Seleznov, I., Kiyono, K., Popov, A., Chernykh, M., 
Shpenkov, O.: Electroencephalograms during Mental Arithmetic Task 
Performance. Data. 4, 14 (2019). 

32. Goldberger, A., Amaral, L., Glass, L., Hausdorff, J., Ivanov, P., Mark, 
R., Mietus, J., Moody, G., Peng, C., Stanley, H.: PhysioBank, 
PhysioToolkit, and PhysioNet. Circulation. 101, e215-e220 (2000).  

33. Khatter,A.,Bansal,D.,Mahanjan,R.: Performance Analysis of IIR & FIR     
Windowing Techniques in Electroencephalography Signal Processing. 
International Journal of Innovative Technology and Exploring 
Engineering.8 (10), 3568-3578(2019). 

 
AUTHORS PROFILE 

 
Anshul is pursuing her doctorate in electronics 
and communication from the Manav Rachna 
International Institute of Research and Studies, 
Faridabad, Haryana, India. She did her B.Tech 
and M.Tech from Maharishi Dayanand 
University, Rohtak, Haryana, India and had 
experience in teaching of thirteen years. She is an 
eminent researcher. Her research interests include 
EEG, brain-computer interface, bio-signal 
processing. She has the publication of more than 

15 research papers in international journals, national and international 
conferences. She has coordinated various academic and administrative 
activities. Presently, she is working as an Assistant Registrar in Gurugram 
University, Gurugram. 

 
Dipali Bansal is a Professor in the Faculty of 
Engineering & Technology, Manav Rachna 
International Institute of Research and 
Studies, Haryana, India. She received her 
doctorate in biomedical signal processing and 
Biomedical Instrumentation from Jamia Milia 
University, New Delhi, and is an imminent 

and young scientist. She has research in the area of biomedical signal 
processing and biomedical instrumentation. She has an industrial, teaching 
and research experience of more than 22 years. She has the publication of 
more than 75 research papers in prestigious indexed international journals 
and international conferences and written a book titled “EEG based Brain 

Computer Interfacing: Cognitive Analysis and Control” published by 
Elsevier. She is also Reviewer of many international journals.  
 
 

Rashima Mahajan is Associate 
Professor in Faculty of Engineering & 
Technology, Manav Rachna International 
Institute of Research and Studies, Haryana, 
India. She did her B.Tech, M.Tech and 
PhD in ECE and has a research and 
teaching experience of about 16 years. She 

also had a research experience as Research and Development Engineer at 
National Brain Research Center (NBRC) Manesar, India. She has a 
publication of more than 35 research papers in prestigious indexed national 
and international journals and conferences in the area of biomedical signal 
processing, image processing, machine learning and written a book titled 
“EEG based Brain Computer Interfacing: Cognitive Analysis and Control” 

published by Elsevier. She is also Reviewer of many international journals. 
 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
 
 

 
 

 

 


