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Abstract. Meditation is a commonly adopted lifestyle practice for the associated benefits in increasing mental and 
emotional wellbeing. Meditation can be described as a non-physical exercise of being in a sustained state of mental 
relaxation and focused attention. When exiting a meditation state, be it voluntarily or otherwise externally disturbed, a 
transition Electroencephalogram (EEG) signal can be observed. This study proposed an extraction of EEG transition feature 
of the signal between state of meditation and post meditation using Discrete Wavelet Transform (DWT). Wavelet analysis 
retains both time and frequency information, allowing the transition feature to be easily identified and localised on the time 
scale. When given a continuous meditation EEG signal as input, results from DWT were applied to detect time localised 
transition during meditation. Results from our studies has demonstrated that the DWT feature extraction model is capable 
of detecting when a meditation practitioner exited meditation state at a 96.90% accuracy. This meditation transition report 
can be used in part as a feedback to the practitioner on their sustained meditation performance.  

INTRODUCTION 

Meditation is primarily a mental exercise with little to no physical activity. When performed successfully, it is 
described as entering a state of mental-emotional relaxation, calmness and wakefulness. Ideally, the practitioner would 
be keenly aware of intruding thought patterns, yet remain detached from them. Research on meditation has shown 
numerous physiological and mental-emotional benefits have been associated with meditation. Meditation is a 
promising intervention for treatment of anxiety and emotional problems in clinical populations [1], with meditation 
practitioners having demonstrated a greater ability in moderating the intensity of emotional arousal [2]. Studies by 
Rosenkranz et al [3] also found lower TSST-evoked cortisol, lower neurogenic inflammatory response, and lower 
stress reactivity in experienced meditators compared to control group. Meditators reported higher levels of 
psychological factors associated with wellbeing and resilience. When used a psychophysiological stimulus to increase 
endogenous secretion of melatonin, meditation activity can improve a sense of wellbeing [4]. Findings by Solberg et 
al [5] supported that meditators have higher melatonin levels compared to non-meditators.  Furthermore, meditation 
can result in increased control over of brain resources distribution [6], and improved ability to endogenously orient 
attention [7].  

Studies on the physiology of meditation activities has found specific features in the human brainwaves, 
Electroencephalogram (EEG), associated with meditation. Till date, most literature investigating meditation EEG 
processed the signal using Fourier analysis methods. While this analysis method has yielded fruitful results, they were 
all void of time-based information due to the inherent nature of Fourier based methods. With no time resolution, time 
sensitive information such as transitions between meditation and non-meditation (entry to meditation, exit of 
meditation, distractions/intrusions during meditation) could not be defined and examined.  

Past researches on meditation [1, 7] using EEG analysis has been focused upon analyzing inter-group differences, 
e.g., Long Term Meditation practitioner vs Novice (Control) practitioner, or inter-state differences, e.g., Meditation 
vs Rest period. In these studies, the frequency sub band power comparison and inter-channel frequency sub band 
coherency methods were two widely applied and effective methods of analysis. However, the sub band power and 
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coherency analysis were based upon Fourier methods, typically the Fast Fourier Transform (FFT) was used to extract 
frequency domain data from the time domain EEG signal. Fourier based analysis has one shortcoming – the Fourier 
transform is an integral over all time, therefore the prerequisite of an FFT is the input signal must be stationary, i.e., 
any frequency components existing within the signal must uniformly present at all times, and the output carries no 
time information. 

However, an EEG signal, being a physiological signal, is non-stationary in nature. The oscillatory frequencies of 
a recorded EEG signal potentially change from second to second as physiological and functional state of a person's 
brain varies from second to second. Hence, in order to apply Fourier Transform to a non-stationary signal, short 
segments of signals were extracted from the recorded EEG signal. These segments, due to their short length, were 
treated as quasi stationary and subsequently filtered and analyzed. Hinterberger's article [8] indicated this approach is 
currently the commonly applied method for meditation EEG signal processing.  

During the segmentation process, each segment is treated as a completely separate entity from one   another. Any 
segment containing artifacts was discarded, with results of accepted segments averaged prior to analysis. This 
sequence of actions completely destroys the time information contained within the original signal.  

While the final results could be identified as originating from EEG segments extracted from “known periods of 
meditation” or “known periods of rest”, they do not carry any detailed time localization. nor transitional information 
(data variation against time). 

On the other hand, the DWT offers a time and frequency estimation of the signal. The frequency components 
(which are called scales in DWT) are localized in time (called translation in DWT). Since EEG is a non-stationary 
signal, a time varying spectral estimation technique such as wavelet has proven to be a popular feature extraction 
method [9-13] for this signal type, and is the proposed method for feature extraction in this article. 

This study proposed to examine the transition feature between meditation and post meditation period using time-
frequency analysis. The feature of transition (exit from meditation), localised in time, was extracted using Discrete 
Wavelet Transform (DWT). When given an input signal (continuous in time), the feature extraction model was tasked 
to automatically identified this transition period. 

RESEARCH METHOD 

This study is an experimental setup. The equipment required for this study was the Electroencephalogram. The 
EEG device used is a CamNTech Actiwave Multichannel Recorder, a class 2a (EU) medical device manufactured by 
CamNTech. Included with the device is an Actiwave user guide [14] and the operational procedures were clearly 
described within the manual. The electrode placement format followed the international 10-20 EEG electrode 
placement standard as shown in Fig. 1. 

Twenty voluntary participants, 2 males and 18 females, aged between 18 - 55, were tasked with performing focused 
attention meditation guided by an audio recording [15] according to the standard practice of Theta Healing®. EEG 
data used in this study was collected from these participants. Theta Healing® [16] is a meditation practice founded by 
Stibal, who also authored a book titled under the same name. Stibal stated that Theta Healing® technique is a 
meditation process. In a preliminary study, the theta-alpha brainwave commonly associated with meditation were 
observed in ThetaHealing® practitioners during their meditation practice, supporting Stibal’s claim. The sampling 
frame for this study is drawn from Theta Healing® practitioners from Malaysia, Singapore, Australia, and Europe. 
Data collections were conducted at Theta Healing® practice sessions, at the regular venue of practice, with permission 
and prior mutual agreement. Data collection took place in the late afternoon, after regular practice activities. 

Prior to the experiment, each participant was briefed with the experiment procedure, and written informed consent 
was obtained from each individual. Participants remain seated, with eyes closed, during the entire EEG data collection 
process. EEG electrodes were placed on the F3 and F4 according to the EEG 10-20 standard placements of electrodes 
(corresponding to the brain's frontal lobe) of the person. The F3 and F4 points were selected according to past studies 
[17, 18], where F3 and F4 exhibited very noticeable EEG features during meditation activities (compared to non-
meditation rest period). 
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FIGURE 1. Standard 10-20 placement of EEG electrode placement map, colour coded to correspond with various brain lobes 

using the mastoid bone as reference point. 
 

 
FIGURE 2. Discrete Wavelet Transform (DWT) filter bank 

 
EEG recordings of these two points were collected during the meditation period, and continuously into the post 

mediation rest period. The audio recording guided the participants through approximately eleven minutes of focused 
attention meditation process. At the end of the audio recording, the participant was instructed to stop his or her 
meditation activity. EEG measurement was recorded for another two minutes after the stop point. The collected EEG 
data were then extracted, analysed and evaluated.  

Each EEG signal  was analysed through a series of decomposition filters seen in Fig. 2, called a DWT filter 
bank. The mother wavelet,  is a half band high pass filter. By convolution,  was decomposed into a series of 
detail coefficients, with  being the level 1 detailed coefficient. At the same time, the signal  was also 
decomposed through a mirror like half band low pass filter with an impulse response , outputting  as the level 
1 approximate coefficient.  was then further decomposed through a level 2 high pass filter and low pass filter, 
generating a cascading set of results.    

The Discrete wavelet filter banks are composed of a cascading series of quadrature mirror filters (a 
highpass/lowpass mirror pair), each decomposition process took the low passed signal from the previous stage, sub 
sampled it by two, and decomposed the signal again. With half the data removed in the sub sampling process, the 
resulting output signal yielded half the frequency content of the previous signal ( doubling the frequency resolution),  
and at the same time, reduced the time resolution by half. Therefore, the frequency resolution of each subsequent level 
would increase by a multiple of two and the time resolution of the same level would be halved in accordance to the 
Heisenberg's uncertainty principle. 

The Nyquist principal in data sampling (where the highest discernible frequency content is half of the sampling 
frequency) the raw EEG data sequence in this experiment, sampled at 128 Hz, would contain frequency components 
from 0 to 64 Hz. In combination with the Nyquist principal, the level 1 coefficients would now represent the equivalent 
frequency range of 32 - 64 Hz, level 2 representing equivalent frequency range of 16 - 32 Hz, and so forth, with the 
entire equivalent frequencies range, time and frequency resolution of each level seen in Table 1. 

In the frequency analysis of neural brainwaves (EEG oscillations), the frequencies information of the EEG signal 
is typically categorized into frequency bands as Delta (1-4 Hz), Theta (4-8 Hz), Alpha (8-15 Hz), Beta (15-30 Hz), 
and Gamma (>30 Hz). As there have no conclusive reports of human brain EEG oscillation observed below 1 Hz, this 
study limits the decomposition to level from level 1 to level 6 (1-64 Hz). The feature for classification would be 
selected from among the boundaries of these 6 levels. 
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TABLE 1. The equivalent frequencies content, resolution of each decomposition level and corresponding frequency bands 

Wavelet level Raw 
Data 

level  
1 ( ) 

level 
2 ( ) 

level 3 
( ) 

level 
4 ( ) 

level 5 
( ) 

level 6 
( ) 

Residue 
( ) 

Equivalent Frequencies 0-64 
Hz 

32-64 
Hz 

16-32 
Hz 

8-16 
Hz 

4-8 
Hz 

2-4 
Hz 1-2 Hz 0-1 Hz 

Equivalent  
Fourier Analysis Freq. Bands N/A Gamma 

band 
Beta 
band 

Alpha 
band 

Theta 
band 

Delta 
band 

Delta 
band 

Not 
defined 

Frequency Resolution 
(freq.bands/signal) 1 2 4 8 16 32 64 64 

Time Resolution 
(data sample/sec) 128 64 32 16 8 4 2 2 

 
It should be noted that further decomposition beyond level 6 would further reduce the time resolution of the results. 

The associated increase in frequency resolution may also cause the analysis to be overly zoomed into a tight frequency 
band (i.e. a level 7 coefficient would only represent frequencies of 0.5 Hz to 1 Hz). 

Once the wavelet level was determined, we proceeded to the wavelet/wavelet family analysis and selection process. 
In an exhaustive study by Chen [19], where each wavelet member (e.g. symlet 2 to 8) within the wavelet family (e.g. 
Symlet family), for all families (e.g. Coiflet, Daubechies, Symlets, Discrete Meyer, Haar) were investigated, Chen 
concluded that for DWT analysis, intra and inter family differences were minimal (e.g. accuracy achieved by all 
wavelets were between 95% to 97% for UBonn dataset, and between 87.33% to 89% for MIT dataset). To confirm 
Chen’s findings, one member per family (Coiflet, Daubechies, Symlet, Discrete Meyer, Haar) was selected for inter 
family comparison in this study. 

After the evaluation and selection of decomposition level and wavelet, the Binomial Logistic Regression (BLR) 
model was chosen to generate an automatic classification formula. Regression models are a family of classifiers or 
prediction models that predict the dependant variable (expected outcome or output value) based on the independent 
variable (input value). For this work, the regression model of choice was the BLR because the dependent variables 
were non-continuous nominal values (i.e., there are only two possible categories - meditation or transition). A set of 
training data is required to generate the classification function, shown in Eq. (1).  

  (1) 
 is the probability of the input segment to be a transition or meditation signal, where  and  are the 

regression parameters of the model. In summary, the collected data goes through a data processing flow as shown in 
Fig. 3. 

 
FIGURE 3. The experiment framework process flow diagram 
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FIGURE 4. An example of EEG recording showing meditation signal transitioning into post meditation/rest period 

RESULTS AND ANALYSIS 

A total of 40 EEG signals (11 minutes each) were recorded in this experiment. Following the EEG recording 
sessions, the EEG data were examined. Of the 40 EEG sequences, one sequence was corrupted and 39 EEG data 
sequences were viable for further processing. 

Fig. 4 shows an example of an EEG recording. As shown in the Fig. 4, the meditation session was 11 minutes long, 
followed by 2 minutes of post meditation recording, with a short period of transition formed in between meditation 
and post meditation. From each set of data sequence, 10 seconds of meditation data (around the 9-minute mark after 
the start of meditation) and 9 seconds of transition data (around the 11-minute mark which is the end of the meditation) 
were extracted. The extracted data were further separated into segments of 1 sec each. Each segment consisted of 128 
data points (sampling rate of 128 Hz). For the preliminary study of wavelet levels and family selection, a total of 50 
meditation segments (1 second each) and 50 transition segments (1 second each) were extracted from the 39 EEG 
sequence.  

Analysis and Selection of Wavelet Level 

The performance of a wavelet classifier hinges upon the selection of mother wavelet, wavelet decomposition level 
and feature selection. As indicated by Chen [19], the proper selection of wavelet decomposition level, from which 
features were selected, carries a high impact on the accuracy of the classifier. The preliminary test of this study seeks 
to confirm this observation, as well as to determine the optimum decomposition level from which to extract feature 
for classification.  

For decomposition level evaluation, fifty meditation EEG segments and fifty transition EEG segments were 
randomly selected and processed using DWT, decomposed down to level 6.The point of interest, the Transition period 
segment between meditation and post meditation, displayed high signal volatility in level 6, measurable as standard 
deviation (selected feature).The 50 meditation segments and 50 transition segments were each decomposed using 5 
different mother wavelets, one from each of Haar, Symlets, Coiflets, Daubechies, and Discrete Meyer wavelet family, 
and the standard deviation of each decomposition level of each segment were calculated and analysed. The resulting 
feature values, in log scale are shown in Fig. 5. 

Results in Fig. 5 showed that the decomposition level contributed significantly to the variation in extracted feature 
values. In the raw signal, as well as level 1 to 4, on average there are no significant feature difference between 
meditation signals and transition signals across all five wavelets analysis. Greater feature differences between 
meditation signal and transition signal were observed in level 5, with feature difference between meditation signal and 
transition signal being the most distinct at level 6, across all five wavelets analysis. The results indicated that feature 
from level 6 has the most differences and was thus selected as the decomposition level for feature extraction with this 
dataset. 
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(a) (b) 

(c) (d) 

 
(e) 

 
FIGURE 5. Meditation feature vs transition feature from the raw signal and Level 1 to Level 6 decomposed using (a) Haar 

wavelet; (b) Symlet 2 wavelet; (c) Coiflet 2 wavelet; (d) Daubechies 9 wavelet; and (e) Discrete Meyer wavelet 
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Analysis and Selection of Wavelet Family 

Different wavelet families performed with different levels of effectiveness at separating the features between 
meditation and transition as well. While the inter-wavelet differences pale in comparison to the variation seen among 
inter-level (level 1 to 6) differences, the results do display significant differences among the different wavelet families 
as seen in Fig. 6, with Haar wavelet producing the most overlapping values and Discrete Meyer wavelet producing no 
overlapping values. The effectiveness at separating the features directly contributes to the performance of the binomial 
logical regression classifier discussed in the next section. 

The effectiveness (at separating meditation feature and transition feature) of the wavelet lies with the frequency 
response curve of each mother wavelet. The different slope as seen in Fig. 7 corresponded to the effectiveness of the 
filter. Effectiveness was found to increase with the steepness of the slope. The steeper frequency response slope (such 
as that of the Discrete Meyer wavelet) was able to more effectively filter out interference from neighbouring frequency 
bands, and resulted in a more distinct separation between L6 meditation and L6 transition features. 

From this result, Discrete Meyer wavelet was selected as the most effective mother wavelet to decompose the 
signal as it could generate the best feature separation between meditation and transition at level 6 decomposition. 

 

 
FIGURE 6. Comparison of level 6 meditation signal feature vs transition signal feature extracted using different wavelet 

families. 
 

 
 

FIGURE 7. Frequency response curve of different wavelet families showing effectiveness of wavelet corresponded with 
steepness of the filtering slope. 
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Feature Extraction and Classification 

After wavelet decomposition level and wavelet evaluation and selection were completed, 741 data segments of 1 
second each (390 meditation segments and 351 transition segments) were extracted and decomposed using Discrete 
Meyer DWT level 6, with the resulting feature data evaluated using a binomial logical regression classifier. The BLR 
classification function achieved a very high automatic classification accuracy at 96.9%, with accuracy defined as the 
sum of true positives and true negatives over the total population. 

A true positive result is when a transition segment was classified as transition, and a true negative result is when a 
meditation segment was classified as meditation. Details of classification results were shown in Table 2. 

The Nagelkerke  for this model was 0.943. In statistical regression, the  ranged between 0 to 1, indicates the 
proportion of variance in the dependent variable associated with the independent variable. A large  value (close to 
1) summarizes a good fit of the regression model with the dataset. This was supported by the Hosmer and Lemeshow 
Test which also assessed the goodness of fit of the regression model to the dataset. The Hosmer and Lemeshow Test 
results showed a Chi-square/df of 4.859/8 = 0.773. Together, these indicators suggested the applied binomial logical 
regression model was applicable for this EEG dataset. 

The parameters  and in the BLR Classifier model in Eq. (1) were generated through statistic software for a 
best fit model, where  and  in our work. In Fig. 8 an example was shown, where the 
continuous signal zoomed into around the 660 second transition mark of signal was applied the discussed DWT feature 
extraction and BLR classification method. The red highlight indicates where the DWT-BLR model classified the 
signal as underwent a transition, or exit of meditation. 

EEG feature extracted by DWT was not be significantly affected by choice of mother wavelet, with only a small 
variation in effectiveness observed among different wavelet families owing to the variation in the filtering slope of 
the wavelet. The similarity in performance is due to the design of the DWT filter bank design that drove a common 
data decomposition flow using cascading wavelet quadrature filters. The minor difference seen is due to the differences 
in the mother wavelet's frequency response curve. While each mother wavelet frequency response curve is a half band 
filter, the slope of each wavelet filter is ultimately different, resulting in different filtering efficiency between each 
wavelet family.  Notable wavelet family that provided high accuracy for the meditation dataset of this experiment 
were the Discrete Meyer and higher member of Coiflets (which has steeper slopes). 

More importantly, results were highly sensitive to the selection of wavelet levels. For DWT EEG processing, the 
selection of levels is a delicate matter affected by a couple of factors, namely the sampling frequency, decomposition 
depth (max level) and target frequency component.  

Notable differences between meditation signal feature and transition signal feature were observed in level 5 and 
6, with level 6 carrying the most distinct differences. 

 
 

TABLE 2. Binomial logical regression classification results and accuracy 

State Classified as Meditation  Classified as Transition Accuracy 

Meditation signal 
(Total 390 samples) 378 12 96.92% 

Transition signal 
(Total 351 samples) 11 340 96.87% 

Overall accuracy   96.90% 
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(a) 

 
(b) 

 
(c) 

FIGURE 8. (a) Raw signal; (b) level 6 DWT coefficient; and (c) BLR classifier result around the transition period of a  
continuous signal (  as transition period). 
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CONCLUSION 

This study examined and affirmed the key DWT selection criteria for Meditation EEG time frequency analysis. 
This study demonstrated DWT as an alternate signal analysis method that is capable of processing time varying, non-
stationary signal, with output features localised in time. While Fourier based studies examined the differences between 
meditation and rest, but due the lack of time resolution, FFT results could not be used to detect when exactly in time 
is a practitioner in meditation or otherwise. Whereas meditation EEG analysed with DWT contains time and frequency 
information, and served as a good step forward from the pure frequency content of Fourier analysis. By using DWT 
level 6 (with sampling frequency of 128 Hz), the time resolution achieved was at 2 data samples per second, and at 
the same time without overly sacrificing frequency resolution. The frequency resolution achieved at level 6 was 64 
frequency bands per signal, with the level 6 coefficient itself carrying content between 1-2 Hz, corresponding to what 
is commonly known as Slow Delta Band in Fourier based results. This classifier model was able to identify when in 
time the practitioner exited meditation. 
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