J. Electrical Systems 20-10s (2024): 8399-8408

Sunil Hirekhan', Feature Extraction and @
Dr. Ramchandra . . . ;
Manthalkar? Classification of Meditation

Yournal of

EEG Signals Efectrical
Systems

Abstract: - The Meditation EEG signals are at the focus of scientific investigations due to the manifold
benefits associated with it. The EEG signal analysis is implemented using wavelet decomposition and feature
extraction. The Daubechies ‘db4’ wavelet is used for 6 level decomposition to obtain EEG sub bands. The
statistical feature extraction based on wavelet coefficients is implemented. The combination of data set with
inclusion of normalized coefficient band power values, as well, statistical features of wavelet coefficients such
as maximum, minimum, average value, standard deviation, entropy, etc. are obtained. The ensemble subspace
KNN classifier has a training accuracy 86.7 %. The testing accuracy has been 71.87 % to distinguish a EEG
signal of a meditator before and after meditation.
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1. INTRODUCTION

The brain EEG rhythms are the representative of every physical and mental activity the human being
undertakes. The EEG rhythms in different activity hence shall be disparate. The exhaustive study of brain
waves has shown that the EEG signals of meditators are distinct from the control subjects[1]. Though the
EEG signals can be inspected for abnormalities or anomalies during clinical diagnosis, large amount of
data available may make it tedious to resolve or interpret. Computational methods may be devised which
can act as important tools in data interpretation and analysis. The dimensionality of EEG data can be
managed by extracting specific statistical features from the data. But the EEG signal being a non-stationary
signal do not have a fixed probability distribution function governing its generation, and the statistics
continually vary[2]. In this case the signal is divided into small quasi-stationary segments and statistical
analysis can be applied to these segments[3]. In this regard, researchers have different feature extraction
techniques for reliable estimation of the interpretation of brain rhythms. In [2]the kurtosis value, which is a
representative of the peakedness of the signal and entropies, which represents randomness in the signal are
computed and are found to be higher in non-meditators than in meditators. Also, the relative band energy
(RBE) is maximum in delta band only in case of meditators whereas in other bands the RBE is less in
comparison to non-meditators.

During Zen meditation, alpha rhythm was considered as a primary index. Alpha activity was more
prominent in parietal region in right hemisphere, and beta activity was more prominent in prefrontal region
during Qi-Gong meditation, than in No thinking states[4]. EEG spectral analysis revealed a generalized
increase in beta and theta EEG power during meditation compared to control. Alpha EEG power was also
increased during meditation compared to control in the right lateral and posterior locations[5], [6].

Many researchers have used wavelet transform for analysis of EEG signals as it does not need to get a
fixed window. It provides a short window for high frequency components and a long window for low
frequency components, hence can be used for time-varying signals[7]. Wavelet transform provides time
and frequency information together, therefore is known as the time-frequency representation of the
signal[8].The Discrete Wavelet Transform coefficients obtained through the wavelet decomposition of the
EEG signal represents the degree of correlation between the analyzed signal and the wavelet function at
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different instances of time hence, DWT coefficients carry useful temporal information about the transient
activity of the analyzed signal[9].

Discrete Wavelet Transform (DWT) is performed by repeated filtering of the input signal using two filters.
The filters are a low pass filter (LPF) and a high pass filter (HPF) to decompose the signal into different
scales. The output co-efficient gained by the low pass filter is the approximation coefficient. Among
different wavelets, daubechies wavelet has been chosen as they have a maximal number of vanishing
moments and hence can represent higher degree polynomial functions. Among different wavelets,
daubechies wavelet has been chosen as it has maximal number of vanishing moments and can represent
higher degree polynomial functions[10].It is assumed that the EEG channels of the Frontal region are
important in cognitive workload classification. In [11],the subset of the frontal channels achieved the
highest classification accuracy of 84.3% using 23 channels, which are the number of channels in the frontal
region. In the present work, discrete wavelet transform of meditation EEG signal is implemented to obtain
wavelet coefficients using daubechies ‘db4’ wavelet. The feature extraction and classification is
performed.

2. METHODOLOGY

In this research work, the EEG signal is obtained from 15 participants (07M+08F) in the age group 20-35
years, before and after the 10-days Vipassana meditation retreat. The EEG data is acquired from the
participants seated in the chair in relaxed posture. The data is acquired using a 32-channel, ENOBIO-32
device. It has a sampling frequency of 500 samples per second and a data resolution of 24 bits. This EEG
device has a bandwidth of 0-250 Hz and, employs dry electrodes neoprene head cap. The written informed
consent is obtained from the participants prior to the experimentation. The research work is approved from
the ethical committee of the institution.

2.1 Data Pre-processing: The acquired EEG signal is visually inspected for artefacts, and anomalies. The
artifactual data is excluded completely from further analysis. The artefact free 07 seconds epoch is chosen
for each participant. The power line frequency, 50 Hz is removed using the notch filter. The dc bias is
removed, and each epoch is normalized so as to circumvent the differences in EEG magnitudes from
different participants or from different electrodes. The pre-processing steps are implemented using
EEGLab platform.

2.2 Wavelet decomposition: The pre-processed signal is imported to MATLAB for further processing. The
zero-mean signal is decomposed using daubechies wavelet, ‘db4’.The 06 level wavelet decomposition is
implemented. The approximate coefficients are further divided into new approximate and detailed
coefficients to obtain the EEG sub band signals, delta, theta, alpha, beta and gamma.

The DWT chooses subsets of scales (a) and positions (b) of mother wavelet ¢ (t) based on powers of 2,
known as dyadic scales and positions[12], such as

{a_.27 biji- 277k }; (jand k are integers). (1)
Pap(t) =22¢ (2_% (t- b)): 2

The equation shows that it is possible to build a wavelet for any function by dilating a function ¢ (t) with a
coefficient2/, and translating the resulting function on grid whose interval is proportional to 27/ The
resulting 6 decomposition levels gives the EEG sub bands as shown in table(1 ).
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Tablel : Wavelet Decomposition of EEG signals into sub bands

DWT Detail Coefficient (D) | Frequency Band EEG Sub band
(Decomposition /Approximate Coefficient
Level) (A)
1 D1 125 -250 High Frequency Noise
2 D2 62.5-125 High Frequency Noise
3 D3 31.25-62.5 Gamma (y)
4 D4 15.625 — 31.25 Beta(B)
5 D5 7.8125-15.625 Alpha(a)
6 D6 3.90625 - 7.8125 Theta(0)
6 A6 0 —3.90625 Delta(d)

The coefficient power in all the sub bands, and for each participant have been obtained before and after the
Vipassana meditation retreat. The total power in each sub band have been obtained, as well, relative power
in each sub band is computed. For estimation of the overall effect of the meditation retreat, a group
average of all the participants is computed in alpha sub band power and beta sub band power, depicted in

figure (1).
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Figure 1: Group Average : Alpha Band Power
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Figure 2 : Group Average : Beta Band Power

Though individually, there are wider variations in the amplitude changes in sub band power in
different brain lobes, the average values shall signify trait effect. It can be observed that there is a
generalized increase in the sub band power. The maximum increase is in alpha band in 17 electrodes, and
in beta band in 15 electrodes as compared to other sub bands after the meditation retreat.

2.3 Cerebral Asymmetry: The cerebral asymmetry is a parameter computed in alpha, beta sub band is
indicative of the positive affect, approach behaviour if the left-sided activation is higher, and an indicative
of negative affect, withdrawal or avoidance behaviour if the right-sided activation is
higher[13],[14].Cerebral asymmetry hence is a parameter of personality trait, computed at frontal lobe
electrodes, such as (F3,F4), (F7,F8) [15].

Cerebral Asymmetry=(Left Power—Right power)/(Left Power+Right Power); (3)

It is observed that the Cerebral asymmetry increases in 42% participants at (F3,F4) electrodes and in 64 %
participants at (F7,F8) electrodes, in alpha band. The cerebral asymmetry increases in 71% meditators at
(F3,F4) electrodes and in 78 % meditators at (F7,F8) electrodes, in beta band. The average cerebral
asymmetry for the group in alpha and beta band is observed as given in table (2).

Table 2 : Cerebral Asymmetry : Before and After Meditation

Cerebral Asymmetry (Average) | Electrode Pair (F3,F4) | Electrode Pair (F7,F8)
EEG Sub band Before After Before After
Alpha 0.0596 0.0969 0.1882 | 0.2740
Beta 0.0525 0.0994 0.0845 | 0.1967

It is observed that the average asymmetry increases after the meditation, in alpha and beta bands indicating a
rise in the positive affect, approach behaviour.
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Table 3 : EEG Data Feature Extraction

S.No. | Feature Name Representation
1 Delta Band power
2 Theta Band power P= % ?’:1|Di,-|2 ;
3 Alpha Band power
4 Beta Band Power =1,2,..1;
5 Gamma Band Power
6 Delta Maximum Omax
7 Delta Minimum Omin
8 Theta Maximum Omax
9 Theta Minimum Onmin
10 Alpha Maximum Olmax
11 Alpha Minimum Olmin
12 Beta Maximum Brmax
13 Beta Minimum Brmin
14 Gamma Maximum Ymax
15 Gamma Minimum Ymin
16 Delta Standard Deviation
17 Theta Standard Deviation G = \/%ng:l(xi —9)?;
18 Alpha Standard Deviation
19 Beta Standard Deviation i=1,2,...1;
20 Gamma Standard Deviation
21 Delta Entropy
22 Theta Entropy EN= X, Di;*log(Dy;?) ;
23 Alpha Entropy
24 Beta Entropy =12
25 Gamma Entropy

2.4 Arousal Ratio: The Beta waves are indicative of an alert state of mind, and alpha waves are dominant
in relaxed state. Research has shown an association between alpha activity and brain inactivation, which
also points out to the similar conclusion[16]. The beta/alpha power ratio hence can become an interesting
indicator of the state of arousal of a person. As the prefrontal lobe plays a crucial role in conscious
experience of an individual, the arousal ratio may be computed at frontal lobe electrodes. The arousal ratio

is computed at various electrodes is shown in figure (3).

Arousal Ratio = Beta Band Power/ Alpha Band Power 4)
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Figure 3 : Arousal Ratio (p/a ) Band Power

It may be observed from figure (3) that the arousal ratio has reduced in all the frontal electrodes after
meditation. This may be because a person has become more calm after the meditation retreat.

Feature Extraction and Classification: The feature extraction is implemented for all the EEG sub bands for
each participant and before and after the meditation retreat. The objective of the feature extraction and
classification paradigm is to distinguish a participant’s EEG dataset before and after the meditation
retreat. The outcome of feature extraction process is a set of feature vectors that represent the EEG data.
The features are extracted for 20 EEG electrodes covering the whole scalp. A total of 25 features are
extracted. A feature dataset matrix for training is formed. Following table (3) gives different features
extracted from this data.

As a general practice, a randomly selected 90% of the data is used in the training phase; the remaining
10% of the data is used for testing. To ensure that the different feature variables are on similar scales, the
z-score normalization is employed. For a feature variable X the z-score of data point is defined as:

Zi = (xi—pX)/ 6X. ()

The z- score normalization of all the features is implemented before inclusion for classification[11]. A
balanced test data set has been prepared so as to have equal number of cases of each category. Hence, the
number of cases of EEG features with EEG data before meditation are approximately equal to the no. of
cases of EEG feature after the meditation, to avoid any bias in the dataset. A variety of feature
inclusion/exclusion criteria have been adopted so as to obtain the better accuracy. All the features listed in
table (3) are included.

3.1 K-NN Classifier: -Nearest Neighbor is a non-linear efficient classifier based on feature similarity. It
consists of assigning a feature vector to a class according to its nearest neighbor. It finds the distances
between a given sample and examples in the data by selecting the specified number of examples(k) closest
to the given sample and assigns the most frequent label based on the minimum distance. It is a supervised
classification method as it uses the class labels of the training data. An ensemble of models are employed
with an individual model selecting a subset of features, while the total accuracy is the average of the
individual models[17].
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Following parameters are computed to evaluate the performance of the classifier :

Sensitivity (TPR) = TP /TP+ FN (6)
Specificity (TNR) = TN/TN+FP @)
Accuracy = (TP +TN )/ (TP+TN+FP +FN) (8)

Amongst the number of classifiers which have been used for the training of the data set, the highest
classification accuracy is obtained with the ensemble subspace KNN classifier as 86.7 %. The ensemble
subspace KNN classifier has a training accuracy 86.7 % with five-fold cross-validation. The testing
accuracy has been 76.92 % to distinguish an EEG signal before and after meditation.

The five-fold cross validation scheme is used. The Receiver Operating Characteristics (ROC) for the
classifier is shown in figure (4)
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Figure 4 : Ensemble subspace KNN Classifier : ROC Curve

The part of the dataset has been used for the testing purpose. The highest classification accuracy with
combination of before and after meditation EEG test dataset using the ensemble subspace KNN classifier
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is obtained as 76.92 %. It is found that the accuracy of identifying the EEG dataset ‘after’ meditation has
been always high, reaching up to 93.75 %.

Table 4 : Performance Parameters of Ensemble Subspace KNN Classifier

Performance Evaluation of Ensemble | Linear features obtained from wavelet
Subspace KNN classifier decomposition

Sensitivity 93.75 %

Specificity 50 %

Accuracy 76.92 %

In future, the availability of larger dataset may help improve the accuracy, further.

The discrete wavelet transform of the EEG signals is implemented by decomposition upto 6 levels.
The delta, theta, alpha, beta, and gamma sub band coefficient power have been obtained before and
after the Vipassana meditation retreat. The total power, average power, relative power in each sub
band is computed. For estimation of the overall effect of the meditation retreat, a group average of all
the participants is computed in alpha and beta sub band power. For estimation of the overall effect of
the meditation retreat, a group average of all the participants is computed in alpha sub band power and
beta sub band power. It is clear from the above figure that the alpha and beta band power increases in
almost all the electrodes after the meditation retreat. Greater levels of alpha power are found to be
correlated with lower levels of anxiety and feelings of calm and positive effect[18]. Hence, increase in
alpha power in these novice meditators is a trait effect, indicates relaxed state after the meditation
retreat. The higher beta power indicates an alert state of mind[13]. The increase in beta power, hence,
points out to an affirmative change after meditation.

The higher and lower value of asymmetry are indicative of approach and withdrawal behaviour
respectively. The average cerebral asymmetry at EEG electrodes (F3,F4) and (F7,F8) is found to be
increased after the meditation retreat.

It may be observed from figure (3) that the arousal ratio has reduced in all the frontal electrodes after
meditation. The computation of arousal ratio is normally taken up for frontal electrodes[13]. The
reduction in arousal ratio may indicate that the person has become more calm after the meditation
retreat.

In order to distinguish an EEG signal before and after meditation feature extraction an classification
of EEG dataset is implemented. The KNN classifier has been used for feature classification of
meditation EEG signals[17].The ensemble sub space KNN classifier gives the highest training
accuracy as 86.7 %. The classification of an EEG dataset before and after the meditation is obtained
with an accuracy of 76.92 %.

The classification accuracy is possible to improve by inclusion of larger dataset.

Conclusion: The alpha and beta band power increases in almost all the electrodes after the meditation
retreat. There is an enhancement in approach, positive affect after the meditation retreat. The arousal
ratio is reduced may indicate the attainment of calmness. The trait effects of meditation have been
established by distinguishing the EEG dataset before and after the meditation.

8406



[1]

[2]

[3]

[4]

[5]

[6]

[7]

[8]

9]

[10]

[11]

[12]

[13]

[14]
[15]

[16]

J. Electrical Systems 20-10s (2024): 8399-8408

References

M. Benedek, S. Bergner, T. Konen, A. Fink, and A. C. Neubauer, “EEG alpha synchronization is
related to top-down processing in convergent and divergent thinking,” Neuropsychologia, vol. 49, no.
12, pp. 3505-3511, Oct. 2011, doi: 10.1016/j.neuropsychologia.2011.09.004.

I. K. L. Shaw and A. Routray, “"Statistical features extraction for multivariate pattern analysis in
meditation EEG using PCA.”

E. D. ibeyli, “Statistics over features: EEG signals analysis,” Comput. Biol. Med., vol. 39, no. 8, pp.
733-741, 2009.

A. Chaudhuri, S. Nayak, and A. Routray, “Use of data driven optimal filter to obtain significant trend
present in frequency domain parameters for scalp EEG captured during meditation,” IEEE TechSym
2014 - 2014 IEEE Students’ Technol. Symp., pp. 7-12, 2014, doi: 10.1109/TechSym.2014.6807905.

A. Ahani, H. Wahbeh, M. Miller, H. Nezamfar, D. Erdogmus, and B. Oken, “Change in physiological
signals during mindfulness meditation,” in International IEEE/EMBS Conference on Neural
Engineering, NER, 2013, pp. 1378-1381, doi: 10.1109/NER.2013.6696199.

A. Ahani, H. Wahbeh, H. Nezamfar, M. Miller, D. Erdogmus, and B. Oken, “Quantitative change of
EEG and respiration signals during mindfulness meditation,” J. Neuroeng. Rehabil., vol. 11, no. 1, pp.
1-11, 2014, doi: 10.1186/1743-0003-11-87.

K. T. Kaewarsa S, Attakitmongcol K, “Recognition of power quality events by using multiwavelet-
based neural networks,” Electr. Power Energy Syst., vol. 30, no. 4, p. 254 260, 2008.

L. Y. Nguyen T, “Power quality disturbance classification utilizing S-transform and binary feature
matrix method,” Electr. Power Syst. Res., vol. 79, no. 4, pp. 569-575, 2009.

P. S. Addison, The illustrated wavelet transform handbook: introductory theory and appliations in
science, engineering, medicine and finance. 2002.

K. K. N. J and B. R, “EEG Feature extraction using DaubechiesWavelet and Classification using
Neural Network,” Int. J. Comput. Sci. Eng., vol. 7, no. 2, pp. 792-799, 2019, doi:
10.26438/ijcse/v7i2.792799.

R. Mahmoud, T. Shanableh, I. P. Bodala, N. V. Thakor, and H. Al-Nashash, “Novel Classification
System for Classifying Cognitive Workload Levels under Vague Visual Stimulation,” IEEE Sens. J.,
vol. 17, no. 21, pp. 7019-7028, Nov. 2017, doi: 10.1109/JSEN.2017.2727539.

S. G. Mallat, “A theory for multiresolution signal decomposition: The wavelet representation,”
Fundam. Pap. Wavelet Theory, vol. Il, no. 7, pp. 494-513, 2009, doi: 10.1515/9781400827268.494.

R. J. Davidson, P. Ekman, C. D. Saron, J. A. Senulis, and W. V. Friesen, “Approach-Withdrawal and
Cerebral Asymmetry: Emotional Expression and Brain Physiology 1,” J. Pers. Soc. Psychol., vol. 58,
no. 2, pp. 330-341, 1990, doi: 10.1037/0022-3514.58.2.330.

C. Braboszcz, S. Hahusseau, and A. Delorme, “Meditation and Neuroscience,” 2010.

R. W. Thatcher, D. North, and C. Biver, “EEG and intelligence: Relations between EEG coherence,
EEG phase delay and power,” Clin. Neurophysiol., vol. 116, no. 9, pp. 2129-2141, Sep. 2005, doi:
10.1016/j.clinph.2005.04.026.

D. O. Bos, “EEG-based emotion recognition,” Influ. Vis. Audit. Stimuli, pp. 1-17, 2006, doi:

8407



J. Electrical Systems 20-10s (2024): 8399-8408

10.1109/TBME.2010.2048568.
[17] D. G. S.Richard O. Duda, Peter E. Hart, Pattern Classification. John Wiley and Sons Ltd, 2000.

[18] B. R. Cahn and J. Polich, “Meditation states and traits: EEG, ERP, and neuroimaging studies,”
Psychol. Bull., vol. 132, no. 2, pp. 180-211, Mar. 2006, doi: 10.1037/0033-2909.132.2.180.

8408



