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 Electroencephalogram (EEG) analysis explores brainwave changes resulting 

from Vedic chanting (VC) in this experimental study. In this study 

participants received Vedic recitations from the Rig Veda (RV), Yajur Veda 

(YV), Sama Veda (SV), and Atharva Veda (AV) which were evaluated 

through alpha wave (8-12 Hz) measurement to evaluate relaxation response 

effects known to cause cognitive relaxation and mindfulness. The research 

captured EEG signals from twenty participants who belonged to four age 

categories between twenty and fifty years using a fourteen-channel EEG 

recording system. The signals underwent wavelet-based denoising 

procedures and Gabor transform (GT) enabled their spectral analysis. 

Scientists calculated the relaxation factor (RF) for understanding Vedic 

chant effects on human beings. Vedic Sama provided maximum relaxation 

effects leading to a 25% RF enhancement whereas YV produced a 20% 

increase and RV generated 15% enhancement and AV yielded 10% 

relaxation. The participants between 30 and 45 years old experienced the 

largest relaxation effects yet their left-brain hemisphere enhanced alpha 

waves stronger than their right brain region. The statistical methods 

supported that these results showed meaningful variations. Neural relaxation 

results from VC practice according to research evidence which shows SV 

provides the most powerful relaxation effects. 

Keywords: 

Alpha waves 

Cognitive relaxation 

EEG signals 

Mindfulness 

Relaxation factor 

Spectral analysis 

Vedic chanting 

This is an open access article under the CC BY-SA license. 

 

Corresponding Author: 

Veera Raghava Swamy Nalluri 

Department of Electronics and Communication Engineering 

Sathyabama Institute of Science and Technology 

Chennai-600119, Tamil Nadu, India 

Email: raghavaswamynv@gmail.com 

 

 

1. INTRODUCTION 

The incidence of stress continues to rise in modern society where it impacts individual and 

occupational life aspects. Modern work environments create anxiety and depression as well as cognitive 

fatigue since workers face multiple challenges to meet deadlines and preserve balance between work and 

personal life. Widespread stress reduction strategies become necessary because of this developing situation 

[1]. Research shows that listening to musical sounds and Vedic chants alongside mantras demonstrates ability 

to control brain signals and create calmness in the body. Electroencephalogram (EEG) operates as an 

essential instrument for brain monitoring because it shows the brain’s neural reactions to various sound 

waves. EEG technology monitors brain electrical wavelengths through scalp-mounted electrodes which 

measures brain wave frequencies from delta to theta to alpha to beta to gamma to determine mental and 

emotional states. Relaxation along with mindfulness and cognitive clarity occurs specifically in brain activity 

https://creativecommons.org/licenses/by-sa/4.0/
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when operating within the alpha frequency band (8-12 Hz) [2]. Research about how Vedic chanting (VC) 

influences the brain’s neural oscillations can benefit the understanding of this technique’s effectiveness for 

relaxation purposes [3]. 

A number of studies investigated how various auditory cues affect EEG signal output. shown that 

music from divergent genres elicits differing emotional responses, as rock music induces happiness while rap 

music often evokes despair in listeners. The evaluation of psychological impacts is necessary. EEG facilitates 

analysis, whereas frequency-band analysis allows researchers to accurately assess physiological conditions 

[4]. Conducted a study examining frontal alpha asymmetry, since this neurophysiological metric essentially 

governs emotional regulation dynamics [5]. The specific impact of VC on alpha wave patterns remains a 

topic that scientists have not fully investigated yet despite previous research into EEG-based emotion 

analysis by aiming to fill the existing gap regarding VC analysis by studying the effects of Rig Veda (RV), 

Yajur Veda (YV), Sama Veda (SV), and Atharva Veda (AV) recitation on EEG-produced alpha waves. Their 

research monitored brain activities from different aged participants through EEG devices from three 

significant periods during their exposure to VC. GT combined with wavelet denoising along with other 

modern signal processing methods extracted alpha wave information for analysis. 

This paper follows this structure: section 2 discusses brain wave classifications together with their 

logical connections to mental states. In section 3 explains the proposed methodology through which 

researchers obtain signals for analysis while performing preprocessing steps and executing spectral 

inspections. In section 4 describes the experimental setup and participant demographics. Analysis of section 5 

reveals how different Vedic chants affect alpha wave modulation and provides the corresponding results. 

Section 6 serves to both conclude the present study and indicate possible future research paths through 

artificial intelligence adoption for EEG signal enhancement and Western versus Indian classical music stress 

management evaluation. 

 

 

2. LITERATURE SURVEY 

Investigated the impact of auditory stimuli on brainwaves by EEG analysis. The combination of 

music and chanting methods induces significant alterations in brain functioning, neuronal activities, and 

cognitive and emotional processes [6]. Previous scientific investigations have studied brainwave responses to 

multiple auditory inputs based on alpha and theta frequency range activity because these brainwaves 

represent relaxation and mindfulness states [7]. Investigated the impact of auditory stimuli on brainwaves by 

EEG analysis. The combination of music and chanting methods induces significant alterations in brain 

functioning, neuronal activities, and cognitive and emotional processes [8]. Heavy metal music generated 

adverse effects on β wave patterns that resulted in impaired concentration abilities. The authors used EEG 

signal analysis to show that classical music improves mental performance. The researchers developed a 

generalized mixture model (GMM) to detect emotions using EEG data. The study used a skew Gaussian 

distribution model to improve the efficacy of EEG signal detection for brief EEG data intervals in noisy 

environments [9]. The proposed solution demonstrated its ability to handle shifting EEG signals thus 

enabling precise detection of emotions and their corresponding features extraction. Recognition accuracy 

with the doubly truncated gaussian distribution model improved because it saved EEG signal ranges within 

specified boundaries which proved valuable for inconsistent EEG measurement periods. EMOTIV EPOC has 

been determined to be more effective than Neurosky Mindwave for brain-computer interface (BCI) 

applications. EMOTIV EPOC demonstrated enhanced signal capture as per the 3SC variable evaluation, 

corroborated by the EEGLAB and OpenViBE software platforms and their respective study [10]. 

Investigations on EEG-based emotion recognition using affective computing were conducted during trials in 

which participants saw emotionally evocative films. The researchers used support vector machines (SVM), 

multilayer perceptron’s (MLP), and one-dimensional convolutional neural network (1D-CNN) as classifiers, 

alongside six entropy-based feature extraction methods in their evaluation. Research results suggested that 

emotional recognition ability at T8 in the temporal lobe attained its peak range. The authors used a subject-

independent approach to achieve 85.81% classification accuracy with their SAE model, hence reinforcing the 

validity of EEG-based emotion detection [11]. 

Created a novel emotion categorization technique that integrates electrical data from EEG 

assessments with personality evaluation characteristics. The methodology used a deep learning framework 

that integrated CNN-VGG-16 features with an long short-term memory (LSTM) network to identify temporal 

trends. The approach achieved 93.97% accuracy in emotion identification by including personality traits in 

emotional categorization. The researchers demonstrated that combined CNN-LSTM frameworks have 

potential for predicting emotions and personality using EEG data [12]. 

The WTS-CC model used a temporal-spectral-attention correlation coefficient methodology to 

identify motor imagery EEG (MI-EEG) data using a wavelet-based EEG analysis system. The weight-based 

channel selection strategy in their study enhanced discrimination performance for use in BCI systems. The 
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suggested model attained superior classification accuracy, Kappa coefficient, and F1-score compared to 

previously approved MI-EEG classification approached [13]. 

Performed an analysis of EEG signal cyclostationary assessment with a focus on slow cortical 

potentials (SCPs). Their study confirmed the efficacy of the correlation block-based method in enhancing 

EEG classification performance. The novel technique achieved improved classification accuracy, 

demonstrating the efficacy of cyclostationary analysis in EEG-based BCI research [14]. The researchers 

conducted an investigation on time-frequency techniques for the classification of sleep EEG data. The 

researchers investigated sleep patterns to demonstrate the differential functioning of classifiers in normal and 

disturbed circumstances. The SVM with a quadratic kernel (SVM-Q) underperformed in detecting Stage 1 

sleep in aberrant EEGs, although it exhibited superior accuracy relative to rule-based techniques in other 

sleep classification tests. The study results show that wavelet-based descriptors provide superior capabilities 

for feature extraction in sleep EEG categorization [15]. The researchers conducted an investigation on time-

frequency techniques for the classification of sleep EEG data. The researchers investigated sleep patterns to 

demonstrate the differential functioning of classifiers in normal and disturbed circumstances. The SVM with 

a quadratic kernel (SVM-Q) underperformed in detecting Stage 1 sleep in aberrant EEGs, although it 

exhibited superior accuracy relative to rule-based techniques in other sleep classification tests. The study 

results show that wavelet-based descriptors provide superior capabilities for feature extraction in sleep EEG 

categorization [16]. 

 

 

3. METHOD 

A structured research design allows the study to assess VC effects on human brainwaves through 

EEG measurements. Twenty healthy subjects aged between 20-25, 30-35, 40-45, and 45-50 years took part in 

the study which required them to listen to the recitations of the RV, YV, SV, and AV [17]. The EMOTIV 

EPOC headset served as the EEG signal recording device through its 14-channel wireless acquisition system 

which operated at 1,024 Hz sampling rate. EEG recording proceeded from the frontal to temporal and 

occipital areas according to the 10-20 international electrode system to monitor cognitive and relaxation 

changes [18]. Each participant received EEG monitoring through three sequential stages starting with 

baseline and continuing into chanting followed by relaxation period which extended for one minute in each 

phase. Band-pass filtering (0.5-100 Hz) was implemented to eliminate noise from EEG signals before 

wavelet denoising was achieved using a Morlet wavelet function. The processed data underwent GT analysis 

for obtaining detailed time-frequency features about EEG activity patterns [19]. The research investigated the 

alpha frequency band ranging from 8 to 12 Hz because this frequency range correlates with relaxation and 

mindfulness states. Figure 1 illustrates the proposed EEG signal processing workflow for evaluating the 

neurophysiological impact of VC, involving sequential steps of EEG sample acquisition, signal denoising, 

GT-based spectral analysis, feature extraction, relaxation factor (RF) computation, and final decision-

making. Researchers calculated the RF through performance assessment using the measure of alpha wave 

power divided by the total spectral power. The measured relaxation intensive values corresponded to elevated 

RF results [20]. 
 

 

 
 

Figure 1. Proposed VC based human mindfulness estimation using RF 
 

 

3.1.  Acquisition of EEG samples 

In this experimental study, consent forms are taken from the healthy human participants after getting 

necessary ethical clearance [21]. Sensors are placed at the appropriate locations on the scalp and brain waves 

are recorded using EEG. A letter was assigned to each electrode implantation spot corresponding to the part 

of the brain it is reading from, which includes the pre-frontal (FP), frontal (F), temporal (T), parietal (P), 

occipital (O), and central (C) lobes. The nodes are identified as FP1, FP2, F3, F4, F7, F8, C3, C4, T3, T4, T5, 

T6, P3, P4, O1, and O2. These places provide the indication of human attentiveness through the data they 

collect. The instrument divides each EEG node’s signal into six stages: prior, during, and post-chanting, and 

saves it in .CSV format. The instrument determines the set sample rate at which the signals are captured. 
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3.2.  Denoising 

The noise in EEG data could be caused by the acquisition method of the sensors or by other factors. 

The noise may obscure the correct frequency bands, leading to an incorrect diagnosis. This work 

recommends a noise elimination process known as wavelet denoising to prevent this from happening [22]. 

discrete wavelet transform (DWT) breaks down a signal into different levels by using the correct mother 

wavelet. The selection of the mother wavelet is essential for effectively eliminating the noise. These are the 

related mathematical equations of this denoising process as shown in (1) and (2). 

 

𝐶𝐷 = ∑ 𝑥(𝑛)𝑃(2𝐾 − 𝑛)𝑛  (1) 

 

CA = ∑ x(n)Q(2K − n)n  (2) 

 

The detailed coefficient is denoted as 𝐶𝐷, and the approximated coefficients of the decomposed 

signal 𝑥(𝑛) are represented as 𝐶𝐴. 𝑃 and 𝑄 represent the higher and lower frequency window functions, 

respectively [23]. The next subsection describes the mathematical analysis of the spectrum after noise 

removal using Gabor wavelet transforms (GWT). 

 

3.3.  Gabor transform 

This subsection examines and explains the GT mathematical analysis, as proposed in [24]. The 

effectiveness of any time frequency analysis is dependent on the selection of the mother wavelet. The Morlet 

wavelet serves as the chosen mother wavelet function in this proposed method. The traditional wavelet 

transform dissects the signal using translation and dilation blocks, while the GT decomposes it using 

translation and modulation blocks by using the (3) and (4). 

 

𝐸̂(𝑛) = ∑ ∑ 𝐶𝑎,𝑏𝑔𝑎,𝑏(𝑛)𝑏∈𝑀𝑎∈𝑀  (3) 

 

Where 𝐸̂(𝑛) is the estimated or reconstructed value (often energy or signal) at index 𝑛. 

Where the basic function, 𝑔𝑎,𝑏(𝑛), is provided by: 

 

𝑔𝑎,𝑏(𝑛) = 𝑔(𝑛 − 𝑏, 𝑇)𝑒𝑗2𝜋𝑎Ω𝑛             𝑎, 𝑏 ∈ 𝑁 (4) 

 

where 𝑇 and Ω are shift parameters and 𝑔(𝑛) provides the synthesis window. Where, following spectral 

analysis in the time-frequency domain, 𝐶𝑎,𝑏 are the GT coefficients. However, the direct observation of these 

coefficients can be complicated due to the presence of different spectrum components [25]. Therefore, the 

next step utilizes the obtained coefficients for feature computation and discussion. 

 

3.4.  Extraction of average power and RF 

After GT decomposition, this part uses the EEG data to determine characteristics. After GT,  

a number of coefficients become available for more research; thus, it is critical to verify the required 

frequency range (Alpha). This leads to the selection of the selected coefficients as the average power of the 

required bandwidth, which are then processed further for feature calculation. In this work RF, defined as the 

ratio of band power to spectrum power, to evaluate alterations in consciousness and mood is taken as the 

performance metric. The formula for the RF is provided as shown in (5) and the formula alpha band power is 

shown in (6). 

 

𝑅𝐹 = (
𝑃𝐴𝑙𝑝ℎ𝑎

𝑃𝑡𝑜𝑡𝑎𝑙 𝑝𝑜𝑤𝑒𝑟
⁄ ) ∗ 100 (5) 

 

𝑃𝐴𝑙𝑝ℎ𝑎 = ∑ 𝑃𝑐(𝑥)𝑓2
𝑓1

 (6) 

 

Where 𝑃𝐴𝑙𝑝ℎ𝑎 is the alpha band power of the required range of frequencies with minimum frequency of 𝑓1 

and maximal frequency of 𝑓2with both inclusive. 𝑃𝑐(𝑥) is the power of the selected coefficients. 

In the similar way, the total power of the spectrum is given in (7). 

 

𝑃𝑡𝑜𝑡𝑎𝑙 𝑝𝑜𝑤𝑒𝑟 = ∑ 𝑃𝑐(𝑥)
𝐹𝑠

2⁄ −1

1  (7) 

 

Where 𝑃𝑡𝑜𝑡𝑎𝑙 𝑝𝑜𝑤𝑒𝑟  is the total power and 𝐹𝑠 is the sampling rate of the signal. 
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This RF is the measure for the distinct brain waves excitedness by human mind for Vedas chanting. 

For example, the estimation process requires alpha waves, sets band frequencies between 8 and 12 Hz, and 

calculates the RF during the testing procedure. Similarly, any kind of wave can be computed by selecting the 

appropriate frequency and by applying the previously mentioned expression. 

This study presents a VC-based approach for recognizing and estimating human mindfulness. 

Prolonged chanting, known for its rhythmic and calming effects, has been shown to reduce stress and 

stabilize brain activity. The suggested experiment aims to evaluate four Vedas, namely the RV, YV, SV, and 

AV, each lasting 16 minutes. Participants were given ten minutes to relax before VC. The assessment took 

place ten minutes after the chant. Every experiment taken place for the course of 37 minutes. Twenty 

individuals of varying ages were examined using the recommended topology and EEG measurements are 

taken under the supervision of a pathologist. The age ranges of 25-30 (Group 1), 30-35 (Group 2), 40–45 

(Group 3), and 45–50 (Group 4), from each group, five members are considered for assessment and readings. 

Figure 2 displays the experimental investigation process conducted at the Ravi Neuro Centre in Vijayawada, 

Andhra Pradesh, India. 

Using an RMS EEG-24 manufactured by RMS, the signals were captured at a 1,024 Hz sample rate 

for preprocessing. Three signals are captured from each participant; one before, one during, and one after 

listening to the Vedas chanting, each lasting for one minute. These signals from 15,360 samples are analyzed 

with the proposed method and saved in .CSV format. The results obtained and interpretations are presented in 

the next section. 
 

 

 
 

Figure 2. Extraction of EEG signals for various age group persons listening to Vedas chanting 

 

 

4. RESULTS AND DISCUSSION 

This study measures the effect of VC on brainwave behavior specifically through examination of 

alpha waves between 8 to 12 Hz which align with relaxation and mindfulness states. The analysis of EEG 

signals indicated a substantial rise in alpha waves immediately after listening to VC where SV caused the 

biggest change. During preprocessing both wavelet-based denoising and GT spectral analysis methods 

cleaned up the signals to deliver accurate feature detection. The RF values determined through analysis 

demonstrated enhanced alpha power levels immediately after VC recorded positive effects on relaxation.  

The research showed participation from middle adulthood participants (30-45 years) exhibited maximum 

relaxation effects based on their RF measurements which rose by 25% for SV yet YV participants showed a 

20% increase and RV participants recorded a 15% change while AV participants reported a 10% increase in 

relaxation. Paired t-tests with ANOVA tests validated the significance of the changes observed in 

measurement values since they proved the auditory stimulus created an actual response rather than random 

systematic deviations. EEG signal analysis across brain lobes revealed higher relaxation effects in the left 

brain region compared to the right brain region thus indicating particular brain locations are more active 

during auditory-induced mindfulness practices. The research indicates that VC through SV creates substantial 

cognitive relaxation effects which qualify it as an important non-drug method to reduce stress. 

Figure 3 presents the extracted EEG signals which demonstrate how age Group 1 participants’s 

brainwave activity evolved during their VC of RV, YV, SV, and AV. The recorded EEG signal amplitude 

measures represent the displayed waveforms which show neural responses that occur from various Vedic 

recitations. EEG data from SV chanting (red waveform) displays sustained and regular frequency waves that 
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exceed other Vedas thus indicating heightened alpha wave activation and neuronal involvement which relates 

to increased relaxation and mindfulness. The YV (green waveform) shows significant neural modulation 

although its amplitude changes less substantially than those observed in SV. A lower level of neural 

relaxation impact emerges from the RV (blue waveform) and AV (black waveform) because these Vedic 

texts show limited variations during EEG signal reading. The wavelet-based denoising technique is depicted 

in Figure 4 for four VC both before and after application. The first panel demonstrates original noisy EEG 

signals before denoising then the right panel shows the outcomes from wavelet denoising with Morlet 

wavelets which filters out noise and artifacts. The processed signals maintain a smooth waveform structure 

which allows researchers to study the essential alpha wave frequency range (8-12 Hz) related to relaxation. 

Among all Vedas SV demonstrates the most prominent oscillatory pattern which leads to increased neural 

relaxation response. The extraction of effective noise produces precise results for spectral analysis and RF 

calculations which verify that detected brainwave changes stem from VC rather than environmental 

interferences. The Gabor coefficient analysis of de-noised EEG signals appears in Figure 5 along with their 

separated real components (red) and imaginary components (blue) and amplitude components (purple) and 

phase components (black). Alpha wave frequency detection stands out in the amplitude spectrum which 

contains essential information for relaxation evaluation. The brainwave relaxation response of SV shows 

stronger and more orderly rhythmical patterns. A detailed time-frequency evaluation of brain modulations 

emerges from Gabor coefficient analysis which enables the calculation of the RF. 
 

 

 
 

Figure 3. Extracted EEG signals for four Vedas chanting of age Group 1 

 

 

 
 

Figure 4. Noise removed EEG signals with proposed wavelet denoising 
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Figure 5. Gabor coefficients for denoised signals 
 
 

The analysis shown in Figure 6 demonstrates the transformation process of the original EEG signal 

through Gabor decomposition before spectral analysis. The signal reconstruction technique maintains 

fundamental frequencies together with successful elimination of noise so alpha wave activity (8-12 Hz) can 

be correctly extracted. The RF relevant neural information remains intact because of sharp oscillations along 

with localized spikes that appear in the analyzed EEG data. Signal reconstruction through GT proves itself as 

an excellent method to analyze brainwave responses after VC by ensuring signal integrity. 

The PSD indicated in Figure 7 demonstrates the disposition of Gabor coefficients at order 9 that 

represent EEG signals after GT decomposition. The subfigures display the power spectrum density of 

separate Gabor coefficients that reveal the main frequency patterns in the EEG data. RF calculation depends 

on alpha waves (8-12 Hz) power distributions throughout various frequency bands. The specific frequency 

bands in SV displayed enhanced brainwave responses to VC because of higher power density in those 

coefficients. 
 

 

 
 

Figure 6. Reconstructed signal after Gabor decomposition of one sample of data 
 

 

 
 

Figure 7. Power spectral density of Gabor coefficients of order 9 
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Figure 8 displays the Gabor coefficient variations of EEG signals recorded from right hemisphere 

electrodes—FP2, F8, T4, T6, F4, C4, P4, and O2 for participants in age Group 3, highlighting the neural 

responses during RV and AV chanting sessions. Power distribution throughout the different stages of Gabor 

coefficients becomes visible through 3D bar plots since these plots show how the brain responds to chanting 

sessions. The power values from the subjects experienced continuous growth through the different chanting 

phases but displayed significant fluctuations in multi-order Gabor coefficient patterns. The yellow-colored 

(higher power) bars demonstrate elevated EEG activation that mainly occurs at FP2, F8, and O2 electrode 

locations which support auditory and cognitive processing tasks. 

Figure 9 illustrates the variation in RF across four different age groups (age Group-1 to age  

Group-4) in response to the chanting of the four Vedas— RV, YV, SV, and AV—analyzed using varying 

Gabor Coefficients. In all age groups, the RF generally increases with higher Gabor coefficients, indicating 

enhanced neural relaxation due to VC. Among the Vedas, SV consistently produces higher RF values, 

especially in age Group-3 (40-45 years), suggesting stronger cognitive relaxation. YV also shows notable 

improvement, particularly in age Group-2. The responses in age Group-1 and age Group-4 are more 

moderate but still follow the overall increasing trend. The RF changed differently between aged Groups 1 

through 4 during their responses to Rig Vedic (RV) and Yajur Vedic (YV) and Sama Vedic (SV) and 

Atharva Vedic (AV) chanting sequences. We view the RF through the y-axis scale along with the x-axis 

presentation of Gabor coefficients. The study shows that RF increased steadily in every age bracket as Gabor 

coefficient values rose thus leading to amplified relaxation effects. The RF measures of SV and YV stand at 

the top across all age groups to show their exceptional capacity for relaxation triggering. VC creates the 

highest cognitive relaxation improvements in middle-aged adults from age Group 3 (40-45 years). 

 

 

 
 

Figure 8. RV and AV Gabor coefficients variation for individuals for the age Group 3 considering right lobe 

electrodes 

 

 

 
 

Figure 9. RF for various age Groups 1-4 exposed to four Vedas chantings 
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The alpha waves variation Table 1 demonstrates EEG activity changes through FP1, F7, T3, T5, F3, 

C3, P3, O1 brain regions through six stages of listening to VC. Beta wave levels start at 3.78 to 5.36 between 

different electrode placements during Stage-1 (pre-chanting). A significant increase occurs during Stage-2 

(chanting initiation) exclusively at T3 (6.23) and FP1 (5.46) which indicates early cognitive involvement. 

The brain wave reading from T5 reached 5.01 during Stage-3 (mid-chanting) as the brain displayed minor 

changes in auditory and cognitive operations. The brain exhibits profound alpha power reduction in Stages 4 

and 5 which achieves extremely low levels at 0.12-0.23 because this period reflects a brain transition before 

relaxation achieves its peak. Stage-6 (post-chanting) displays an alpha wave surge in every region which 

reaches its peak relaxation values at FP1 (8.65) and O1 (5.53). 
 

 

Table 1. Alpha waves variation for an Individual in six stages while listening to Vedas chanting 
Stages FP1 F7 T3 T5 F3 C3 

Stage-1 5.24 4.06 4.07 3.78 4.49 4.75 
Stage-2 5.46 5.22 6.23 3.99 5.46 5.21 

Stage-3 3.71 4.33 4.53 5.01 4.35 4.40 

Stage-4 0.17 0.21 0.22 0.22 0.23 0.22 
Stage-5 0.12 0.14 0.14 0.13 0.13 0.13 

Stage-6 8.65 5.80 5.15 5.52 4.77 5.07 

 

 

5. CONCLUSION 

This research investigated the neurophysiological effects of VC on brainwave activity using EEG-

based spectral analysis. The findings demonstrated that chanting, particularly of the SV, significantly 

elevated alpha wave activity (8-12 Hz), correlating with heightened relaxation and mindfulness. Quantitative 

analysis showed that SV produced the highest RF increase of 25%, followed by YV (20%), RV (15%), and 

AV (10%). The 30-45 age group exhibited the most pronounced neural responses, with dominant activation 

in the frontal and occipital lobes, and a notably stronger effect in the left hemisphere. Signal processing 

through wavelet-based denoising and GT enabled precise extraction of time-frequency features. Statistical 

tests, including paired t-tests and ANOVA, validated the significance of the observed variations, confirming 

that the effects were not due to random fluctuations but were a consistent response to the Vedic auditory 

stimulus. 

 

 

FUNDING INFORMATION 

Authors state no funding involved. 

 

 

AUTHOR CONTRIBUTIONS STATEMENT  

This journal uses the Contributor Roles Taxonomy (CRediT) to recognize individual author 

contributions, reduce authorship disputes, and facilitate collaboration. 

 

Name of Author C M So Va Fo I R D O E Vi Su P Fu 

Veera Raghava Swamy 

Nalluri 

✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓   ✓  

V. J. K. Kishor Sonti ✓ ✓    ✓      ✓ ✓  

 

C :  Conceptualization 

M :  Methodology 

So :  Software 

Va :  Validation 

Fo :  Formal analysis 

I :  Investigation 

R :  Resources 

D : Data Curation 

O : Writing -Original Draft 

E : Writing - Review &Editing 

Vi :  Visualization 

Su :  Supervision 

P :  Project administration 

Fu :  Funding acquisition 

 

 

 

CONFLICT OF INTEREST STATEMENT 

Authors state no conflict of interest. 

 

 

INFORMED CONSENT 

We have obtained informed consent from all individuals included in this study. 



Int J Inf & Commun Technol  ISSN: 2252-8776  

 

Neurophysiological impact of Vedic chanting on human brainwaves … (Veera Raghava Swamy Nalluri) 

285 

ETHICAL APPROVAL 

The research involving human participants has been conducted in full compliance with all relevant 

national regulations and institutional policies. It adheres to the principles outlined in the Declaration of 

Helsinki. The study protocol has been reviewed and approved by the authors’ Institutional Review Board 

(IRB) or an equivalent ethics committee. 

 

 

DATA AVAILABILITY 

The raw and/or processed data required to reproduce the findings of this study cannot be shared at 

this time, as they are part of an ongoing research project. The data will be made available upon reasonable 

request once the related study is completed. 

 

 

REFERENCES 
[1] K. D. Goodman, “Music therapy education and training: from theory to practice,” in Springfield, Illinois: Charles C. Thomas, 2011. 

[2] “Emotivproacademic license.” [Online]. Available: https:// www. emotiv.com / product/emotivpro/. 

[3] A. M. Bhatti, M. Majid, S. M. Anwar, and B. Khan, “Human emotion recognition and analysis in response to audio music using 
brain signals,” Computers in Human Behavior, vol. 65, pp. 267–275, Dec. 2016, doi: 10.1016/j.chb.2016.08.029. 

[4] R. Wang, J. Wang, H. Yu, X. Wei, C. Yang, and B. Deng, “Power spectral density and coherence analysis of Alzheimer’s EEG,” 

Cognitive Neurodynamics, vol. 9, no. 3, pp. 291–304, Jun. 2015, doi: 10.1007/s11571-014-9325-x. 
[5] E. Harmon-Jones, P. A. Gable, and C. K. Peterson, “The role of asymmetric frontal cortical activity in emotion-related 

phenomena: A review and update,” Biological Psychology, vol. 84, no. 3, pp. 451–462, Jul. 2010,  

doi: 10.1016/j.biopsycho.2009.08.010. 
[6] A. Leblanc, “An interactive theory of music preference,” Journal of Music Therapy, vol. 19, no. 1, pp. 28–45, Mar. 1982,  

doi: 10.1093/jmt/19.1.28. 

[7] L. Quinto and W. F. Thompson, “Composers and performers have different capacities to manipulate arousal and valence.,” 
Psychomusicology: Music, Mind, and Brain, vol. 23, no. 3, pp. 137–150, Sep. 2013, doi: 10.1037/a0034775. 

[8] S. K. Tai and Y. K. Lin, “The influence of different kinds of music on brainwave signals,” in 2018 IEEE International Conference 

on Advanced Manufacturing (ICAM), Nov. 2018, pp. 223–226, doi: 10.1109/AMCON.2018.8614971. 
[9] N. M. Krishna et al., “An efficient mixture model approach in brain-machine interface systems for extracting the psychological 

status of mentally impaired persons using EEG signals,” IEEE Access, vol. 7, pp. 77905–77914, 2019,  

doi: 10.1109/ACCESS.2019.2922047. 
[10] A. Kaur, R. Ahuja, S. Verma, and P. Dhiman, “Brain-computer interface with improved information of EEG signal,” in 2023 14th 

International Conference on Computing Communication and Networking Technologies (ICCCNT), Jul. 2023, pp. 1–6,  

doi: 10.1109/ICCCNT56998.2023.10307117. 
[11] N.-D. Mai, B.-G. Lee, and W.-Y. Chung, “Affective computing on machine learning-based emotion recognition using a self-made 

EEG device,” Sensors, vol. 21, no. 15, p. 5135, Jul. 2021, doi: 10.3390/s21155135. 

[12] M. S. K. Hosseini, S. M. Firoozabadi, K. Badie, and P. Azadfallah, “Personality-based emotion recognition using EEG signals 
with a CNN-LSTM network,” Brain Sciences, vol. 13, no. 6, p. 947, Jun. 2023, doi: 10.3390/brainsci13060947. 

[13] W.-Y. Hsu and Y.-W. Cheng, “EEG-channel-temporal-spectral-attention correlation for motor imagery EEG classification,”  

IEEE Transactions on Neural Systems and Rehabilitation Engineering, vol. 31, pp. 1659–1669, 2023, doi: 
10.1109/TNSRE.2023.3255233. 

[14] N. Panahi, M. C. Amirani, and M. Valizadeh, “An EEG-based brain-computer interface using spectral correlation function,”  

IEEE Access, vol. 11, pp. 33236–33247, 2023, doi: 10.1109/ACCESS.2023.3262465. 
[15] I. A. Zapata, Y. Li, and P. Wen, “Rules-based and SVM-Q methods with multitapers and convolution for sleep EEG stages 

classification,” IEEE Access, vol. 10, pp. 71299–71310, 2022, doi: 10.1109/ACCESS.2022.3188286. 
[16] K. Belwafi, S. Gannouni, and H. Aboalsamh, “An effective zeros-time windowing strategy to detect sensorimotor rhythms related 

to motor imagery EEG signals,” IEEE Access, vol. 8, pp. 152669–152679, 2020, doi: 10.1109/ACCESS.2020.3017888. 

[17] Shakshi and R. Jaswal, “Brain wave classification and feature extraction of EEG signal by using FFT on Lab View,” International 
Research Journal of Engineering and Technology, vol. 3, no. 7, pp. 1208–1212, 2016, [Online]. Available: www.irjet.net. 

[18] S. Valipour, A. D. Shaligram, and G. R. Kulkarni, “Detection of an Alpha Rhythm of EEG signal based on EEGLAB,” Journal of 

Engineering Research and Applications www.ijera.com, vol. 4, no. 1, pp. 154–159, 2014, [Online]. Available: www.ijera.com. 
[19] V. R. S. Nalluri, V. J. K. Kishor Sonti, and G. Sundari, “Analysis of frequency dependent Vedic chanting and its influence on 

neural activity of humans,” International Journal of Reconfigurable and Embedded Systems (IJRES), vol. 12, no. 2, pp. 230–239, 

2023, doi: 10.11591/ijres.v12.i2.pp230-239. 
[20] R. Jenke, A. Peer, and M. Buss, “Feature extraction and selection for emotion recognition from EEG,” IEEE Transactions on 

Affective Computing, vol. 5, no. 3, pp. 327–339, 2014, doi: 10.1109/TAFFC.2014.2339834. 

[21] P. Zhong, D. Wang, and C. Miao, “EEG-based emotion recognition using regularized graph neural networks,” IEEE Transactions 
on Affective Computing, vol. 13, no. 3, pp. 1290–1301, Jul. 2022, doi: 10.1109/TAFFC.2020.2994159. 

[22] L. Turchet, B. O’Sullivan, R. Ortner, and C. Guger, “Emotion recognition of playing musicians from EEG, ECG, and acoustic 

signals,” IEEE Transactions on Human-Machine Systems, vol. 54, no. 5, pp. 619–629, Oct. 2024, doi: 
10.1109/THMS.2024.3430327. 

[23] X. Zhao et al., “Micro-expression recognition based on nodal efficiency in the EEG functional networks,” IEEE Transactions on 

Neural Systems and Rehabilitation Engineering, vol. 32, pp. 887–894, 2024, doi: 10.1109/TNSRE.2023.3347601. 
[24] T. Colafiglio et al., “NeuroSense: a novel EEG dataset utilizing low-cost, sparse electrode devices for emotion exploration,”  

IEEE Access, vol. 12, pp. 159296–159315, 2024, doi: 10.1109/ACCESS.2024.3487932. 

[25] K. C. Kompella, M. Gayatri, R. Rao, and M. Rao, “Effective electrical fault diagnosis using gabor transform of motor input 
current after spectral subtraction,” Arabian Journal for Science and Engineering, vol. 49, pp. 15935–15955, 2024,  

doi: 10.1007/s13369-024-08744-w. 

 

 



                ISSN: 2252-8776 

Int J Inf & Commun Technol, Vol. 15, No. 1, March 2026: 276-288 

286 

BIOGRAPHIES OF AUTHORS 

 

 

Veera Raghava Swamy Nalluri     is a research scholar in Department of 

Electronics, Sathyabama University, Chennai, India. He received the Master of science degree 

in Electronics Nagarjuna University, Guntur in 1995 and the M.Tech. degrees in VLSI Design 

from Sathyabama University Chennai in 2009. Currently, worked as a associate professor at 

the Department of Electronics and Communication Engineering in St. Ann’s College of 

Engineering and Technology -Autonomous, Nayunipally, Vetapalem, Bapatla district. His 

research interests include speech processing and signal processing. He can be contacted at 

email: raghavaswamynv@gmail.com. 

 

 

Dr. V. J. K. Kishor Sonti     is a professor in Department of ECE, Sathyabama 

Institute of Science and Technology with 21 years of experience in handling undergraduate 

and postgraduate courses in Electronics. He has 3 postgraduate degrees in the fields of 

electronics and psychology and Ph.D. in microelectronics. Thrice the best faculty awardee 

from CTS and Sathyabama University, Erasmus plus grant recipient with international 

exposure, Regional Mentor for Change under NITI Ayog-AIM, author and co-author of 12 

book/book chapters and 1 monograph, 57 research papers in peer-reviewed journals, 

experienced student development coordinator, IEEE IAYPC Academic council Mentor, NEC 

Mentor, Regional Specialist-India for YPCMP-BYU,USA and CANADA and he is the 

convener of Institute Innovation Council, Sathyabama Institute of Science and Technology. 

With good administrative exposure in student affairs, motivational speaker, trained Python 

programmer, multidisciplinary researcher in areas such as micro-electronics, Vedic 

mathematics, neuroscience and psychology. He can be contacted at email: 

kishoresonti.ece@sathyabama.ac.in. 

 

https://orcid.org/0009-0002-7700-6905
https://orcid.org/0000-0003-3799-9666
https://www.scopus.com/authid/detail.uri?authorId=37036235400

