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Abstract 

This paper reports distinct spatio-spectral properties of Zen-meditation EEG 
(electroencephalograph), compared with resting EEG, by implementing unsu-
pervised machine learning scheme in clustering the brain mappings of centroid 
frequency (BMFc). Zen practitioners simultaneously concentrate on the third 
ventricle, hypothalamus and corpora quadrigemina touniversalize all brain 
neurons to construct a detached brain and gradually change the normal brain 
traits, leading to the process of brain-neuroplasticity. During such tri-aperture 
concentration, EEG exhibits prominent diffuse high-frequency oscillations. 
Unsupervised self-organizing map (SOM), clusters the dataset of quantitative 
EEG by matching the input feature vector Fc and the output cluster center 
through the SOM network weights. Input dataset contains brain mappings of 
30 centroid frequencies extracted from CWT (continuous wavelet transform) 
coefficients. According to SOM clustering results, resting EEG is dominated by 
global low-frequency (<14 Hz) activities, except channels T7, F7 and TP7 
(>14.4 Hz); whereas Zen-meditation EEG exhibits globally high-frequency (>16 
Hz) activities throughout the entire record. Beta waves with a wide range of 
frequencies are often associated with active concentration. Nonetheless, clinic 
report discloses that benzodiazepines, medication treatment for anxiety, in-
somnia and panic attacks to relieve mind/body stress, often induce beta buzz. 
We may hypothesize that Zen-meditation practitioners attain the unique state 
of mindfulness concentration under optimal body-mind relaxation. 
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1. Introduction 

Even with the advanced imaging technologies in the scope of brain research, 
EEG (electroencephalograph) has been still favorable due to its superior tempor-
al resolution of brain electrical activities. For decades, the electrical activities of 
human brain, recorded in the form of multi-channel waveforms, have been ex-
tensively studied in order to help clinicians diagnose and treat brain dysfunc-
tions. More scientific evidence of EEG variations in correlation with diseases and 
pathologies has been disclosed, including apoplexy [1], epilepsy [2], encephalitis 
[3], aging [4] and epidemic diseases [5]. In addition, EEG studies have been em-
ployed in a wide scope of studies on cognitive functions [6], psychology [7], so-
cial behavior [8] and even body-mind practices including Yoga, Tai Chi, Qi 
Gong and meditation [9] [10]. Our previous study reported novel findings on 
EEG under Zen meditation, the ancient oriental practice of Zen sect aiming to 
attain the state of enlightenment [11] [12] [13]. This paper presents an innova-
tive scheme, based on unsupervised deep learning, for analyzing spatio-spectral 
properties of resting and Zen-meditation EEG. 

Mental exhaustion caused by overworked brain becomes common nowadays 
that is ascribed to the heavy information-processing demands. Zen meditation 
accordingly offers an effective way to relieve physiological and mental stress. In 
comparison with eyes-closed, relaxed rest, Zen meditation via tri-aperture con-
centration [14] effectively calms the brain and mind for bodily rejuvenation, ac-
cording to the practitioners’ experiences, differing from those worldwide popu-
lar meditation practices such as transcendental meditation (TM) from India, 
Japanese Zen, and Tibetan Buddhism [15]. Zen meditation follows the heart- 
dominating principle while other meditations are mostly mind-cultivating prac-
tices. By concentrating on unique apertures, practitioners initiate the process of 
cleansing all conscious states in preparation for entering the realm of true nature 
deeply in the heart. Such process involves the functioning alteration of major 
components in the brain leading to brain plasticity. Brain function under such 
an undisclosed realm has drawn the attention of researchers. Our study has been 
focused on the EEG variations. 

EEG is composed of waves of different frequencies ranging from δ (0 - 4 Hz) 
to γ (30 - 50 Hz), associated with different physiological, pathological, psycho-
logical, mental or conscious states. For example, high alpha waves (10 - 12 Hz) 
emerge in the occipital region when a person is awake and relaxed with eyes 
closed [16] [17]. Spatial distribution of various EEG rhythms provides important 
indications of brain functioning. It is the first attempt to employ brain mapping 
of centroid frequency (BMFc) to characterize the spatio-spectral properties of 
multi-channel EEG from which the decomposed CWT [18] [19] coefficients are 
used to estimate the centroid frequency for each channel. To deal with the un-
known complicated composition of BMFc dataset, self-organizing map (SOM) is 
implemented to classify and label the BMFc. SOM is a type of unsupervised 
learning method based on competitive learning. The output neurons of the net-
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work compete among themselves for the final decision of the one to be activated 
or fired. SOM (also named as Kohonen network) was pioneered by the Finnish 
researcher Teuvo Kohonen in 1980s [20] [21]. Since then, SOM has been exten-
sively used as a clustering and visualization tool in data analysis. Differing from 
classical neural networks, SOM does not have any hidden layer. Based on the 
unsupervised learning scheme, the output neurons in SOM require no designat-
ed output values. Instead, each output neuron is identified by a vector of 
weights. SOM maps the high-dimensional space of input dataset to a lower di-
mensional output space with the original topological properties well preserved. 
The after-trained weight matrix thus enables an easier interpretation of complex 
inherent structures in the data. Applications of SOM range from pattern recog-
nition [22] [23] to feature classification [24]. Through SOM classification, the 
cluster properties of BMFc represent the state of brain function associated with 
the multi-channel EEG that assist in the long-term EEG interpretation or clinical 
diagnosis. 

2. Methods 

2.1. EEG Signals  

EEG signals were collected in 2002-2007 from 15 Zen-meditation practitioners 
(experimental group) with an average of 5.8-year meditation experience and 15 
ordinary, healthy volunteers (control group). The average age of experimental 
group was 28 years, which was 23 years in the control group. Experimental sub-
jects practiced Zen-meditation while control subjects were at rest in normal sit-
ting position, with eyes closed. In the experiment, we conducted overall 
50-minute recording of EEG signals for both groups. EEG signals were recorded 
by Power Lab/16SP recording system, utilizing the 30-channel, com-
mon-reference (linked-mastoid MS1-MS2) electrode montage based on the in-
ternational 10 - 20 system. Figure 1 illustrates the EEG recording montage of the 
30 electrode locations. To explore local rhythmic behavior, 9 scalp regions are 
examined:  

Frontal region (F): Fp1, Fp2. 
Longitudinal Midline-frontal (LMF): Fz, FCz, Cz. 
Longitudinal Midline-posterior (LMP): CPz, Pz, O2. 
Transversal Midline (TM): T7, C3, Cz, C4, T8. 
Left-frontal (LF): F7, F3, FT7, FC3. 
Right-frontal (RF): F4, F8, FC4, FT8. 
Left-posterior (LP): TP7, CP3, P7, P3. 
Right-posterior (RP): CP4, TP8, P4, P8. 
Occipital Lobe (O): O1, O2, Oz. 
With the EEG electrodes circled in Figure 1. 
The EEG signals were sampled at 200 Hz. To remove the slow baseline drift 

and high-frequency artifacts, EEG were filtered by a band-pass filter with the 
passband of 0.5 - 50 Hz. The segments seriously contaminated by such artifacts  
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Figure 1. EEG recording montage (30-channel, using 
linked-mastoid MS1-MS2 as the common reference). Nine 
groups of electrodes are circled. 

 
as eye blinking, eyeball movement and muscle activities were removed by 
naked-eye screening in the pre-processing stage. 

2.2. Construction of Centroid Frequency Brain Mapping (BMFc) 

Continuous wavelet transform (CWT) enables the optimization of time-frequency 
resolution, originally proposed in the milestone studies on multi-scale, mul-
ti-resolution processing [25] [26] [27]. The capability of time-frequency localiza-
tion offers a way of extracting features at various locations in time at different 
scales. Time-frequency representation enables the exploration of local, transient 
or intermittent components. Let C(a,b) denote the wavelet transform of a conti-
nuous time signal, x(t), on the basis of the scaled (by a) and shifted (by b) wave-
let ψa,b(t). Wavelet transform is defined as the inner product of x(t) and the 
complex conjugate ( ),a b tψ ∗ , 

( ) ( ) ( ) ( ) ( ), ,, , da b a bC a b x t t x t t tψ ψ
+∞ ∗

−∞
= = ∫                (1) 

where ψ(t) is the mother wavelet, or wavelet prototype. The child wavelet, ψa,b(t), 
is derived from the mother wavelet ψ(t) by, 

( ),
1

a b
t bt

aa
ψ ψ − =  

 
                        (2) 

Scale a of the child waveletcorresponding to the frequency can be converted to 
the so-called pseudofrequency fa (in Hz) by, 

c
a

s

f
f

a f
=

⋅
                             (3) 

where fs is the sampling period (second) and fc is the center frequency of a wave-
let (Hz) obtained from the frequency of the maximum magnitude of the Fourier 
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transform of the wavelet. Our previous study [12] revealed that mother wavelet 
Daubechies 6 [28] is more feasible for EEG analysis. The family of Daubechies 
wavelets is known for its orthogonal property and efficient implementation. 

BMFc, brain mapping of centroid frequency, is constructed by Matlab toolbox 
EEGLAB developed by Swartz Center for Computational Neuroscience. Centro-
id frequency Fc of EEG at a given time instant is computed by CWT coefficients 

if
C  in the frequency range of interest, L i Uf f f≤ ≤  (normally, fU = fs/2, half 
the sampling rate). 

U

i
i L

U

i
i L

f

i f
f f

c f

f
f f

f C
F

C

=

=

⋅
=
∑

∑
                          (4) 

In this study, frequency range is0.05 Hz - 100 Hz, with frequency resolution of 
0.05 Hz. 

2.3. Self-Organizing Map 

SOM applies competitive learning scheme to perform unsupervised training. 
Output neurons of the network compete among themselves for the final decision 
of the one to be activated or fired. Training of SOM network is aimed to find the 
No vectors of weights characterizing the output clusters. Figure 2(a) displays the 
schematic architecture of 12-neuron SOM network. 

Input dataset consists of Ni feature vectors, ( )1 2, , ,
di i i inx x xξ = 

 for 
1 ii N≤ ≤ , where nd is the dimension of input vector. Hence, each vector is 
composed of nd centroid frequencies. Weight vector ωij ( 1 oi N≤ ≤  and 
1 dj n≤ ≤ ) connects the jth input element to the ith output neuronoi. Output  
 

 
Figure 2. (a) Schematic architecture of 12-neuron SOM network. (b) Gaussian neigh-
borhood function for determining various strengths of stimulation of the surrounding 
neurons. 
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neuronoi is quantified by weight vector { },1i ij dj nω= ≤ ≤ω  for 1, , oi N=  .In 
order to learn the input attributes without pre-labeled data, all the output neu-
rons compete among themselves by searching for the weight vector ωj that is 
most similar to the current input vector. Then output neuron jo  will be de-
clared as the winner neuron, also called the best matching unit (BMU). To find 
the BMU, distance between the current input vector xi and the weight vectors ωj, 
for 1 oj N≤ ≤  is computed by: 

( ), ,1i j i j oD j N= − ≤ ≤x xω ω                    (5) 

BMU is the output neuron with the smallest distance: 

( ){ }BMU min , , 1, ,j i j oj
o o D j N= =x 

ω                (6) 

BMU, acting as a firing neuron, stimulates more on the neurons closer to itself 
so that it produces various strengths of stimulation of the surrounding neurons 
(Figure 2(b)). Such a design is based on neurobiological evidence of lateral in-
teraction among a set of excited neurons in the human brain. Once the BMUo  is 
determined, the weights (at the is

th training step) are adjusted to approach the 
input vector xi by [29]. 

( ) ( ), ( ) , 1 , 1 , 1j j s j B s i j o i s ti h i j N i N i Nα← + − ≤ ≤ ≤ < ≤ <xω ω ω   (7) 

Input vectors are randomly fed into SOM Nt times to ensure reshuffling of 
learning sequences. Weight-updating formula in (7) involves learning rate func-
tion α(is) and neighborhood function hj,B(is): 

( ) 0e ,1
s

t

i
N

s s ti i Nα α
−

= ≤ ≤                      (8) 

( ) ( )

2

22
, e ,1

j B

s

r r

i
j B s s th i i Nσ

− −

= ≤ ≤                    (9) 

where α0 is initial learning rate and j Br r−  is the lateral distance between 

BMUo  and the jth neuron in the grid of output neurons [29]. Learning rate func-
tion α(is) represents the rate of weight tuning and α(is) gradually decreases with 
the training time. Neighborhood function hj,B(is) is a two-dimensional Gaussian 
function (Figure 2(b)), with the purpose of producing more influence on weight 
update for neighboring neurons closer to BMUo . Gaussian standard deviation 
σ(is) controls the progressive size of the neighborhood function at the is

th train-
ing step that is an exponential decay function, 

( ) 01000 log
0e , 1

si

s s ti i Nσσ σ
−

= ≤ ≤                   (10) 

where σ0 is the initial neighborhood size. 
To quantify the SOM performance, intra-cluster distance and inter-cluster 

distance are evaluated. Through exhaustive trials and tests, optimal parameters 
for SOM implementation may be determined by minimizing intra-cluster dis-
tance but maximizing inter-cluster distance, which are No = 12, Nt = 10,000, σ0 = 
3 and α0 = 0.02. 
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2.4. Evaluation of Clustering Performance 

The objective of data clustering is to identify various clusters within the dataset 
such that data with similar attributes are likely to be classified into the same 
cluster. Each cluster can be characterized by its cluster center that provides a 
medium for data visualization. Cluster center ci is calculated by the average of all 
the elements (BMFc’s) in cluster Ci,. 

1 ,1
j i

i j o
i

i N
Nc ∈

= ≤ ≤∑
x

c x
C

                     (11) 

where Nci is the number of elements in cluster i. 
A good clustering should result in a high intra-cluster similarity yet large in-

ter-cluster deviations. Intra-cluster similarity is measured by intra-cluster dis-
tance (Din), 

in
1

j ii

j iD
N ∈

= −∑
xc

x c
C

                      (12) 

where ⋅  denotes the Euclidean distance. Inter-cluster distance measures the 
degree of distinction among clusters. Inter-cluster distance Dex is the average of 
all the pairwise inter-cluster distance Dij between cluster Ci and Cj is the distance 
between cluster center ci and cj, ij i jD = −c c .  

3. Results  

Unsupervised 12-neuron SOM is applied to 60,000 BMFc’s constructed respec-
tively from 5-minute Zen-meditation EEG and resting EEG to study the spatial 
property of centroid frequency. 

3.1. Property of Centroid Frequency  

Figure 3 displaysthe 5-minute time evolution of centroid frequency for all 30 
channels using temporal resolution of one second. Different colors represent 
different frequencies ranging from 10 to 22 Hz (the range of Fc computed). 
Zen-meditation EEG (Figure 3(b)) apparently exhibits higher frequency than 
resting EEG (Figure 3(a)). 

The 5-minute resting EEG is dominated by global high-α rhythms (10 - 12 Hz) 
mixed with intermediate low β (>12 - 16 Hz) activities; whereas Zen-meditation 
EEG contains a large amount of low-β rhythms (13 - 18 Hz) mostlyin Fz, F3, 
FC4, FCz, C4, Cz, CPz, CP4, P4 and Pz. Higher frequency in the β band (>20 
Hz) appears in O1, O2, Oz, T7, TP7, CP3, FT8, T8 and F7. 

To observe the macroscopic behavior of local rhythmic properties, Figure 4 
displays the time evolution of the 30-second average centroid frequency of each 
of the 9 scalp regions depicted in Figure 1 (dividing 30 EEG channels into 9 
groups). Region notation tagged with “-R (-Z)” indicates the result for resting 
(Zen-meditation) EEG. Curves of Fc-R (thin lines) group tightly in the range 
13.5 - 15 Hz, yet curves of Fc-Z (thick lines) extend from 15.5 Hz (LMF region) 
to 19.5 Hz (O region). 
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(a) 

 
(b) 

Figure 3. Time evolution of 30-channel centroid frequencies for (a) resting EEG, and (b) 
Zen-meditation EEG. 
 

In resting EEG, faster activities (average 14.11 Hz) appear in the TM region 
almost throughout the entire 5-minute duration; whereas slower EEG rhythms 
(average 13.71 Hz) are observed in the LMP region. In Zen-meditation EEG, 
slower EEG activities (15.5 Hz) appear in the LMF region almost throughout the 
entire 5-minute duration; whereas faster EEG rhythms are observed mostly in 
the occipital region (19.5 Hz). 

3.2. Results of SOM Clustering 

Dataset of BMFc are classified by 12-neuron SOM using 10,000 training epochs 
(Nts), initial learning rate (α0) 0.02 and initial neighborhood size (σ0) 3. Table 1 
displays the BMFc’s of 12 cluster centers of 12 cluster centers of 5-minute resting 
(upper) and Zen-meditation (lower) EEG. Each cluster center is computed by 
averaging all the cluster members inside the cluster. Average (std), highest and 
lowest frequency of each cluster center are listed under each BMFc. The cluster  
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Figure 4. Regional average of 30-second average centroid frequency. 
 
is indexed according to the cluster size so that C1 (C12) contains the most (few-
est) elements. 

Clustering result reveals more than 75% high-alpha (10 - 12 Hz) dominant 
BMFc’s in resting EEG (average Fc < 15 Hz in clusters C1 - C8), yet more than 
80% beta dominant BMFs’s in Zen-meditation EEG (minimum Fc > 13 Hz in all 
clusters except C2 and C11).Cluster-center BMFc exhibits the average in-
tra-cluster characteristics of all the elements (BMFc’s). To explore the detailed 
spatio-spectral activities, Table 2 displays the representative BMFc’s randomly 
selected from top four clusters of resting and Zen-meditation EEG. 

The top four clusters of BMFc of resting EEG are characterized by the follow-
ing spatio-spectral properties: 

C1: global high-α rhythms (~12 Hz); 
C2: mainly high α around 13 Hz, with intermittent left-frontal low β (13 - 14 

Hz); 
C3: global high α (~13 Hz) mixed withright-temporal low β (15 - 16 Hz); 
C4: background high α (12 - 13 Hz) with occipital localized low β (15 - 16 Hz). 
The top four clusters of BMFc of Zen-meditation EEG exhibit quite different 

spatio-spectral scenarios: 
C1: 14 - 17 Hz background mixed with intermittent high β (20 - 25 Hz), slow-

er activities in posterior regions; 

https://doi.org/10.4236/jbbs.2021.112005


P.-C. Lo, N. Hussain 
 

 

DOI: 10.4236/jbbs.2021.112005 67 Journal of Behavioral and Brain Science 
 

C2: similar to C1, yet slower rhythms in frontal regions and intermittent high 
β activity (~22 Hz) recurring in occipital area; 

C3: 15 - 19 Hz β band, right-temporal higher β (20 - 25 Hz) extending to right 
occipital regions; 

C4: similar to C3, yet high β migrating towards left temporal regions. 
Different clusters accordingly portray different spatio-spectral properties in 

the entire resting (Zen-meditation) course. Long-term multi-channel EEG  
 

Table 1. BMFc’s of 12 cluster centers of 5-minute resting (upper) and Zen-meditation (lower) EEG. Average (std), highest and 
lowest frequency of each cluster center are listed under each BMFc. 

Resting BMFc of 
cluster center 

(C1 – C6) 

      

Average (std) 11.71(0.79) 12.67 (0.72) 13.18 (0.98) 13.50(1.52) 14.02 (1.27) 13.34 (1.27) 

High(Hz) 13.17 14.49 15.62 16.93 16.86 16.69 

Low (Hz) 10.67 11.56 11.76 11.86 12.52 11.62 

Resting BMFc of 
cluster center 

(C7 – C12) 

      

Average (std) 14.29 (1.48) 14.70 (1.2) 15.85 (1.83) 15.28 (1.17) 15.58 (1.34) 17.79 (0.68) 

High(Hz) 18.23 16.70 18.50 18.06 18.21 18.90 

Low (Hz) 12.67 12.79 13.38 13.58 13.98 16.01 

Zen BMFc of 
cluster center 

(C1 – C6) 

      

Average (std) 15.55(1.31) 15.62 (2.26) 17.50(1.59) 16.38(2.22) 17.24(1.67) 17.27 (1.41) 

High(Hz) 18.30 20.30 20.81 22.02 19.75 21.31 

Low (Hz) 13.52 12.39 15.54 13.45 13.85 15.26 

ZenBMFc of clus-
ter center 

(C7 – C12) 

      

Average (std) 17.65(2.67) 18.79 (1.63) 19.37(1.23) 19.65(1.72) 13.95 (1.56) 21.76 (0.8) 

High(Hz) 23.08 21.96 20.88 23.21 16.88 23.70 

Low (Hz) 13.96 16.48 16.87 17.40 11.35 20.27 
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Table 2. Representative BMFc’s randomly selected from top four clusters of resting and Zen-meditation EEG. 

Cluster Size (%) Representative BMFc’s (Resting EEG) 

C1 11.83% 

 

C2 11.31% 

 

C3 10.20% 

 

C4 9.49% 

 

Cluster Size (%) Representative BMFc’s (Zen-meditation EEG) 

C1 10.10% 

 

C2 9.79% 

 

C3 9.46% 

 

C4 9.35% 

 

 
record may be interpreted by the cluster id that provides an alternative illustra-
tion of the temporal scenario of spatio-spectral characteristics. Figure 5 demon-
strates the BMFc scenarios of (a) resting and (b) Zen-meditation EEG using a  
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Figure 5. BMFc scenarios of (a) resting and (b) Zen-meditation EEG (moving step of 0.05 
second), labeled by the cluster id at the bottom of each BMFc. 
 
step size of 0.05 second, with the cluster id shown at the bottom of each BMFc. 

Higher Fc of resting EEG mostly focalizes in the left inferior temporal regions. 
On the other hand, Zen meditation EEG exhibits faster rhythms in a larger scalp 
area, including left inferior temporal, occipital and frontal regions. Figure 6 dis-
plays the distribution of the 5-minute average centroid frequency at each elec-
trode site for (left) resting and (right) Zen-meditation EEG, that well corrobo-
rates the spatial property mentioned. 

4. Conclusions and Discussions 

The main contribution of this study includes the finding of global rapid rhythms 
(beta band) in Zen-meditation EEG and the introduction of unsupervised, 
self-learning scheme to the analysis of abundant complicated biomedical data 
involving spatio-spectral variations. BMFc quantifying the EEG spatial-spectral 
properties exhibits prominent difference between resting and Zen-meditation 
EEG. Zen-meditation EEG oscillates at the rhythms 3 - 5 Hz higher than resting 
EEG all over the entire scalp. The maximum of average centroid frequency is 
20.77 Hz and the minimum of average centroid frequency is 15.12 Hz for 
Zen-meditation EEG, which is respectively 14.75 Hz and 13.57 Hz for resting 
EEG. Beta rhythms in the mid-beta band (16.5 - 20 Hz) distribute almost all over 
the scalp except a small mid-central region (Fz, FCz, Cz). Evidently, 
Zen-meditation EEG exhibits higher centroid frequency with a larger frequency 
range. Moreover, local spectral properties as shown by the centroid frequency of 
each individual channel reflect consistently faster rhythmic activities in 
Zen-meditation EEG than which in resting EEG. Beta rhythms have been asso-
ciated with mind-body intervention, attention, emotion and cognition during  
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Figure 6. Distribution of 5-minute average centroid frequency for (left) resting and 
(right) Zen-meditation EEG. 
 
the past decade [30]. Previous study reports the increase of occipital beta power 
in the attentional task with correct responses but lack of beta activity change be-
fore erroneous responses [31]. Global high beta rhythms, particularly at channels 
Oz, O1 and O2, of Zen-meditation EEG imply the state of exceptional mindful-
ness concentration evoked by Zen meditation. 
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