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Abstract—This paper is focused on improving people’s
general inability to quality sleep. We designed a feedback system
that can process brainwaves in th form of time-series EEG data
and convert them into RGB color-coded based topological map
like images. The system then uses CNN architecture based on
2D convolution with ReLU activation functions and dense layers
for image and frequency classification todetect the EEG
frequency and then based on the concept of brainwave
entrainment, produce binaural tunes at required slower
frequencies, to help to relax and slowly move the brain activity
spectrum down to delta waves, which ranges around 0.54-Hz.
The feedback signals create a gradual shift in the received
frequency, thereby entraining the mind to tend towards the
desired slower brainwaves. The testing was performed on Jetson
Nano and the resuling accuracy tested for RGBbased
frequency classification wa over 80% which led to a successful
binaural tone generation to create a slow auditory output wave,
thereby eventually increasing the delta activity in the brain
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. INTRODUCTION

About 5670 million US adults have a sleep disorfiHr
and it is noted that prolonged or even acute deprivation
good quality sleep can disturb a person’s concentration an
memory, cause cognitive impairmerdnd various other
critical mental and physical health disord&keep is defined
as a period of rest fehe physicabody andhe mindfor afew
hours mostly at night wherein the nervous system is
consideed inactive and consciousness is temporally
suspendedavhile still sensitive to external stimyl2]. Sleep
disorders on the other hand are defined eithguhygical or
emotional problems whichffect the quality, quantity, and
timings of sleep.The natural circadia rhythm may be
disrupted and there may be daytidistress amongeveral
other symptoms Insomnia is regarded as the most common
disorderas around onthird of the adults in the US report its
symptoms[3]. Considering we spend a third of our lives
sleeping, iplaysanintegralrole in our general wellbeing.

To demonsate our resultor the paperwe designed a
feedback system where the inputs are raw EEG signadtwh
first undego timeseries analysjsand then various classes of
frequencyare determined. For this papeve used three
classedor classification namely alpha, betmd theta. These
classified frequencies are then usedtégologicalmappng
and generatingclassified EEGimages for each frequency
class The images are processwithin a CNN network for
performing high accuracy image recognitiwwhich can then
be used as an input starting point for tone generator to produce
the required spectrum of binaural tunes. The various
terminologies and conceptelated to sleep are briefly
discussed below.

Fig. 1. Auditory Brainwave Entrainment System Diagram

[I. BASIS OFSLEEPCYCLES
A classic nighits sleep consists of two types of sleep

cycles, namely Rapid Eye Movement (REM) sleep and four
nonREM (NREM) slep cycled4] [5] [6].

NREM

x Stagel: It consists of alphactivity in the brain i.e., 8
Hz to 12 Hzof frequency. N Sleep is the transition
from wakefulness to sleefuring this short period,
which lasts for several minutes of light sleep,
heartbeatbreathingand eye movemengdow and the
brainwaves slow down from their daytime
wakefulness patterns.

Stage 2:t consists othetaactivity in the brain i.e., 4

Hz to 7 Hz of frequency. This is the stage where we
enter deeper sleep. Heartbeat and breathingdsioua

and postural muscles relax even further. The body
temperature drops and the eye movements stop. Brain
wave activity slows but it is marked by brief bursts of
electrical activity.

Stage 31t consists of starting point akelta activityin

the brain i.e., 0.5z to 3 Hz of frequency. This occurs

in longer periods during the first half of the night. The
heartbeat and breathing slow to their lowest levels
during sleep. The muscleslaxed, and iis difficult to
wake during this stage. Brain waves become even
slowerand tenceit's also called slowvave sleep

X Stage 4it consistsof more than 50 % ofalta activity

in the brain i.e., 08 Hz of frequency. It is the deepest
and dreamless state of sleep. The muscles are relaxed,
and it will make itdifficult to get awaken during this

stage. Brain waves become even slower.



B. REM

During this stage, eyes move rapidly from side to side
behind closed eyelids. Mixed frequency brain wave activity

X Theta Wavestndicate the Frequency Range from 3
8 Hz and amplitude of 50 to 100 pV. These waves are
associated with memory and emotions.

becomes closer to that seen in wakefulness. The breathing y peita Wavesindicate the Fequency range from 0.5 to

becomes faster and irreguland the heart rate and blood
pressure increase to near waking levElss is the dreaming
stage of sleep and so limbgcome temporarily paralyzed
prevening the persoffrom acting out of the dreanfs].

As shown in Fig. 2Each cycle has a distinct associated
frequency and timespargnd mimicking these, we can
replicate a brainwave pattern through auditory entrainment.

Stage 1:
Alpha Waves
Stage 2:
Theta Waves
Stage 3: Delta
Waves

Stage 4: Delta
Waves

REM

Fig. 2. Stages of Sleep

[ll. EEGAND BRAINWAVE ENTRAINMENT

A. ElectroencephalograntEEG)

An EEG isused to capture and monittite electrical
activity of the brainlt usessmall electrodewhich areplaced
on the scalmnd collects the smailimpulsesand amplifies

three or four Hz and 100 to 200 pV in amplitude. These
waves were observed when we were in deep sleep.

x Gamma Wavessamma Waves indicate the frequency
range from 30Hz and above. These are the fastest brain
waves produced for active concendicavork. [5]

C. BrainwaveEntrainment

Brainwave entrainment(BWE), also referred to as
brainwave synchiization andneural entrainment, refers to
the hypothesized capacity of the brain to naturally synchronize
its brainwave frequencies with the rhythm of periodic external
stimuli, most commonly auditory, visual, or tactile.

It is believed that patterns okuwral firing, measured in
hertz correspond with states of alertness such as focused
attention, deep sleep, ettis hypothesized that by listening
to these beats of certain frequencies one can induce a desired
state of consciousness that correspondk ggecific neural
activity, such as studying, sleeping, exercising, meditating,
doing creative work, and so on.

IV. METHOD USED FORBRAINWAVE ENTRAINMENT
The resource usage thfe brainwave entrainment system
is shown in Table I.

A. Effects of auditory input on brain waves

This works on the concept of Brainwave Entrainment.
When the ear picks up a slightly different pitch, the brain tries
to compensate and finds a frequency somewhere in the
middle. This causes both the hemispheres of the brain to

themas the original electrical impulses in the brain are weakarmonize their brain waves, called neural entrainment.

signals.For this studywe used the Neurosky EEG headset

Binaural Beats are the special sounds perceived when two

There are different ways in which electrodes can be placed efuditory stimuli of different frequeiesare presented to each

the headdepending uportheir number and positioniske
10/20and 10/10etc

B. Frequencies recorded in different sleep cycles with
EEG
The following are the waves that can be distinguishe
from the EEG tracgr].

X Beta WavesThese have &equency range from 13
15 Hz to 60 Hz and aamplitude of around 30pV. This
stage indicates Awake Condition.

x Alpha Wavesindicate the frequency range frorl8
Hz and amplitude of 30 to 50 pV. These wairgicate

ear. When the two tones that are close in pitch, but not
identical are sent to a different ear, the brain creates
interference that is called the binaural beat without any
physical interaction between the waves. These Binaural beats
are also called Digital Drigg as these are the sounds that are
@apable of changing the brain wave patterns and indacing
altered state of consciousness similar to the effect that happens
when drugs are taken or when achieved a deep stage of
meditation. [8] [9]

the Awake condition only but with the eyes closed or

relaxing or meditating.
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TABLE 1. RESOURCEUSAGE OF THESYSTEM

Dataset collection
Resource Usage
Hardware Software
Human Programming - . . .
Machine g;‘g‘;ﬁ"y Language Building preprocessing classification and
eadset, Python .
Interfaces | |}c- 4ohone feature extraction tool
Processing Libraries .
Elements Nvidia Jetson SEEZCV
N ’ . .
ane MNE, Keras Build and compare different Neural Network
to classify the Alpha, Theta, and Delta waves.
Interface Network Activgtion
Element Interface Card Function RelLU
(NIC)
- Build Interface between Jetson Nano and
Vo External ONN Layers | porioiion Headphones to screen different tones
peripherals monitor, Normalization p '
keyboard, ard
mouseetc Max Pooling
Train and collect Database for different
B. Binaural Tones Neuron activities and run the reciprocal
Binaural tunes are likauditory illusiong10] in the brain binaural/single tones

They are perceivedt a resultant frequenayhich is derived
from a differencen input auditory frequenes fromboththe
ears.Say,if a person listens to50 Hz sound in the right ear
and 149 Hz sound in théeft ear the perceived audithat the

person would hear would be H2 [10], shown in Fig. 4. Quantify the performance metrics.

Test the system for Public Safety Audio
guality test

Fig. 5: Execution Stages

V. RESULTS ANDDISCUSSION
A. Development of a classifier that can identify and
visualiz the EEG signals

x Loading and plotting raw the data set: A
preliminary raw EEG dataset was loaded and displayed

Fig. 4. Perception of binaural tune in our brat0] in a simple ploffor initial visualization. Since there
was extensive data processiagd classificationye
C. Methods and Stages of Execution usedthe MNE library to creatan interactive tool to

help with navigatiorand user interactienduringthe
process.The raw data loading log and the graphical
representation of the raw data are shown in Fig. 6.

The project was executed in the following steps utiieg
MNE library for data collection and processing of EEG
signals. By using Jetson Nano, it is possible to use
parallelization to save processing time. These signals were
then classified into 3 typesilpha, betaand theta and were
then used in a feedback loop for generated a binaural tune to
trigger a decrease in the EEG frequency metiscshown in
Fig. 5.
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Fig. 6. Raw & unfliteredEEGdata(100 seconds) with STIM event
annotations
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Fig. 7. Cropped (50 seconds) aritiered (0.1 to 40 Hz) EEGlatawith
STIM event annotations

x Event annotation for STIM Channel: STIM stands
for stimulus channelthatare timelocked to specific
eventdike an external stimulus or evarbutton pres.
Notice the blue markers dhe EEG plot belowKig.
9), these arahe point of events that anmarked with
specific event ID(seeFig. 9) to understand the plot
betteranddifferentiate signals in the grafht].

Visual/Right (71)
Visual/Left (73)
Smiley (15)
Button (16)

34 T Auditory/Right (73)
s Auditory/Left (72)

44 B h

T T T T
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Time (s)

Fig. 8. Color coded stimulusvent IDswith number of stimulations
shownin parentheses

x Crop and filter out the data to present a raw plot
with unfiltered and filtered data: Data filtering and
cropping vereperformedby settinga bandpass filter
from 0.1 Hz up to 40 Hin a frame size af00 ms. The
filter uses a hamming windowith 0.0194 passband

uV2/Hz (dB)

HVZ/Hz (dB)

ripple and 53 dB stopband attenuatidinis filtered
data is used for further processing and is usethéor
PSD plottingwhich is discussed below. Compéiig.

7, unfiltered (left) and filtered (right) for raw graphs
with STIM event markups.

PSD with live visualization The power spectral
density (PSD) describes how the power of a
continuous signal or time series is distributed over
frequency This is an underlying FFTprocessto
transbrm data for each frame frothetime domain to
the frequency domain.Power spectral density is
commonly expressed imattsperhertz (W/Hz) [12].
Here, plotting the PSD using the MNE Library
functions gives us insight into various signal
capabilitiesin heatmagdike output images over our
specified frequency spectrum collected in our EEG
signals asshown in Fig. 8 Note that thetools have
been created to extradilter, andvisualizethe EEG
time series data

PSD before filtering
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Fig.9. PSD plot for filtered and unfiltred data with a sample
topological map of brainwaves during delta activity of upto 4.54 Hz

Convert the dataset to BIDS library for organizing

and visualizing: There hasn't been enough
development of consensus and datandardizatiofin

this area. Hence a little structuring ardanizatiorof
dataarene@ssary to help people understand and make
fair use of the datdVe have used Brain Imaging Data
Structure (BIDS) library tmrganizeour data.BIDS
was heavily inspired by the format used internally by
the OpenfMRI repository that is now known
asOpenNeurd8].



x Extract the evoked with theright condition: Evoked

Each ofthe 8 subjects participated in tweninute sessions.
data are obtained by averaging epochs. Typically, aitherefore, the total number of da@i@intsare14x128x60x8x2
evoked object is constructed for each subject and each1,720,320.

condition, but it can also be obtained by averaging a
list of evoked over different subjects
[13]. Evokedobjects typically store an EEG or MEG
signal that has beaveragedver multipleepochs
which is a common technique for estimating stimulus
evoked activity. In Fig. 10, The data in
anEvokedobject are stored in  arrayof
shaps(n_channelsp_times) [14]. These evoked
objecs are further used to create the head topolog
map (seeFig. 3) wherein theobjects are classified as
EEG images for different frequency spectruralso
called frequency binningThe FFT amplitudes were
grouped into theta(4-8Hz), alpha(8l2Hz), and S
beta(1240Hz) ranges, giving 3 scalar values for each
probe per frame.

The end goalis to develop a classifier that is capable of
accurately classifyinRGB snippets of EEG session data from
the processed dataisualization. Sincethis is a binary
classification proble with balanced classes, the minimum
baseline for accuracy is 0.5. Full success would mean having
an accuracy of at least 70% (although this number is arbitrary).
This format makes for ideal inputs into a standard
convolutional neural network. A rectified linear unit (ReLU)
Yis used as the activation function. Finally, a fully connected
layer with a SoftMax activation function is used to compute
the probability of each class. Weights were learned using the
Adam optimizer.Hence, weusedabove mentioneghyCNN
equential model to achieve the highest possible accuracy.

X CNN Summaryand model Accuracy The results for
the CNN performed are as follonwshown in Fig. 12

0 Total params: 64,256
o Trainable params: 64,256
0 Nontrainable params: 0

TABLE 2. CNN STRUCTURE SUMMARY

Model: Sequential
Layer Output Shape Parameters #
4 Conv2D (None, 28, 28, 32) 896
Activation (None, 28, 28, 32) 0
d Conv2D_1 (None, 26, 26, 32) 9248
Activation_1 (None, 26, 26, 32) 0
Fig. 10. Extracting evoked objects MaxPooling2D (None, 13, 13, 32) 0
x Topography plot of head: The processed data was Flatten (None, 5408) 0
converted into RGB format and plotted using 5 N o 54090
matplotlib in RGB format for the 3 ClassifiefEhe ense (None, 10)
ColorMapis grouped as follog seen in Fig. 11 Activation_2 (None, 10) 0
0 Red: Theta (48Hz) Dense_1 (None, 2) 22
0 Green: Alpha (812Hz) Aivaton 3 N 5 5
0 Blue: Beta (1240Hz) ctivation_ (None, 2)

Fig. 11. RGB colour coded formattingf evoked topological map

Themodel test accuracy is 80

print('Test loss:', test_eval[e])
print('Test accuracy:', test_eval[1l])

v/ 0.1s

0.5619903802871704
Test accuracy: ©.8024691343307495

Test loss:

Fig. 12. Accuracy Results
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X Generate binaural sound witha basefrequency of
420 Hz: The base frequency was chosen as 420 Hz
becausghese frequency bands are reported to impact

B. Inducing sleep with Dichotic binaural beats

The data are in the form of csv files with raw waveform
signals from 14 probes around the scalp. The sampling rate is
128 Hz, which allows for frequency analysis up t&6-Hz.

positive effects on our braifj&5]. The generation of

the sound is shown in Fig. 13.



left_freq = (428+suml)
right_freq = (42E1+I;um2) [1]
data_size = 10eeee

- (2]
fname = "binaural_ % (left_freq, right_freq)
make_soundfile(left_freq, right_freq, data_size, fname) [3]
et : - (4]
fs_rate, signal = wavfile.read(fname)
play_obj = sa.play_buffer(signal, 2, 2, fs_rate) [5]
play_obj.wait_done()
plot_audio_wave (fs_rate,signal) [6]

Fig. 13. Binaural Tone Generation
(7]

VI. CONCLUSION

Brainwave entrainment israthervast area of research and [g)
requires equally largseale project development. We have
presered a basic prototypetool to test the success of
brainwave activity classifications and entrainment vida9dl
binaural tunes in this papedur delta activitsinducingtool
covers the following EEG datanalyses and performs the [10]
auditory entrainmenbehavior: 1. EEG segmentation tool
helped inthe extradion of frequency bands of brain regions’
EEG data2.BDS formatting toolvas used to aovert EEG to
BDS format and enables visualization of EEG sigriaBREG
signal classification toolvas used talassify the EEG data
into different signal bads alpha, beta, antheta and4. Delta 12
activity promotion was tested using dichotic binaural batts
a base frequency of 420 Hz. [13]

(11]

(14]

(15]
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