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1.

ABSTRACT

This project was realized in the course of Signal
Processing in Bioengineering taught by Prof.
Agostinho Rosa. The aim of this project required a
high resolution spatio-temporal analysis of alpha
rhythms during sleep. For the realization of the
project, the data to be worked on was provided by
Prof. Rosa including a data set of a recorded
Electroencephalogram (EEG) during a full night
sleep. After pre-processing the data using different
approaches, a time-frequency analysis as well as the
analysis of the alpha-peak amplitude and -frequency
among different sleep stages was performed. The
performed analysis led to the conclusion, that alpha
frequencies appear during sleep in different sleep
stages and that the applied methods verified the
findings of previous studies according to the
occurence of alpha frequency during sleep. In
addition, a shift of the arisen maximum peak in the
analysed frequency stage over the whole sleep-EEG
could be identified.

2.

PROBLEM AND MOTIVATION

The work of this project focuses on high resolution
spatio-temporal analysis of alpha rhythms during sleep. The
motivation of our project is to determine and distinguish when and
on which part of the scalp alpha waves are measured with EEG
during a person’s sleep. Since the appearance of alpha waves
represents indication of awake state and reaction to visual and
cognitive activities, the aim of this project is to identify the time
and location of such appearances while a person was sleeping.
The second part of this project includes the analysis of the peak
alpha frequency and the peak alpha amplitude among the different
sleep stages and the different locations among the scalp.

According to previous studies we expected to occur alpha
frequencies in awake stages and be more present in the occipital
lobe compared to other scalp aereas [1].

3.
BACKGROUND AND RELATED
WORK
Every human being needs sleep at some point in their life.
According to usual everyday situations, persons go to sleep every
night. While the body of a person during sleep is more or less
resting, the brain might not, since it processes still information we
captured during our life or reactions to our body, whereas former
often occurs in situations widely known as dreaming.
Already in the first half of the 20th century many studies according
the brain were realized [2]. It was the German psychiatrist Hans
Berger, who reported electrical activity from the scalp of humans
through an intact skull in 1929 [3]. Berger was then the first to
identify a specific frequency occurring in our brain, which he
named the alpha rhythm. Additionally, Berger was also first in
reporting the change of patterns of EEG activity in humans during
sleep. After years of disbelief regarding Berger’s work among the
public, the appearance of the “Berger’s rhythms” were confirmed
by Adrian and Matthews in 1934 [4]. Since the change in
frequency of EEG patterns has been recorded, different stages
during sleep were classified and introduced: A first description
was established by Loomis in 1937 [5], followed by a different
method of sleep stage classification introduced by Blake et al [6].
A group of sleep researchers developed the first guidelines for
scoring sleep stages in 1968, and since that they have not been
significantly changed, but adapted, and they still represent the
actual guidelines for state-of-the-art work. These guidelines are
known as the Rechtschaffen and Kales system [7].
In previous studies, research according to the identification of
sleep stages due to change of frequency patterns was performed.
Researchers were interested if the change in frequency is related
to physical and physiological changes of our body. Hauri and
Hawkins studied in 1973 the alpha-delta sleep introduced by
themselves, to describe a frequency pattern which was not yet
fully classified [8]. Ehrhart et al. examined simultaneously alpha
activity and cardiac changes during nocturnal sleep, in order to
differentiate non-rapid eye movement (NREM) sleep, REM sleep,
and intra-sleep awakening [9]. The (individual) alpha peak
frequency was studied intensive regarding its identification,
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frequency band and change among subjects due to their differing
conditions, particularly by Klimesch [10, 11, 12]. Characteristics
of the alpha frequency and alpha peak and their spectral analysis
in different groups of subjects during sleep were analysed by
Johnson et al. 1969 [11]. Furthermore, a quantitative analysis of
sleep EEG in time-frequency range was performed by De Carli et
al. 2004 [12]. Following previous studies and our motivation
regarding the topic we focused our analysis on the continuous
sleep EEG as well as on an individual analysis of high-resolution
alpha characteristics in each sleep stage associated with the
different locations among the scalp.

4.

APPROACH AND UNIQUENESS

4.1

Material

For the realization of this project, the data containing brain signals
of a human being recorded during sleep with EEG, was provided
by Prof. Agostinho Rosa. The data was provided in edf-format
and then imported into Matlab for further analysis. The provided
data contained 23980 seconds (06:39:40 hours) of sleep EEG. The
data was recorded with 10 channels including 6 EEG-channels
and 4 non-EEG channels (EMG Q, EOG E, ECG 1 and ECG 2).
The data was recorded with a sampling frequency of 1024 Hz.
All subsequent steps of signal-pre-processing and -analysis were
performed using Matlab (Version R2017b) and EEGLAB
(Version v20190).
An additional toolbox Chronux Version (2.12v03) was used,
providing us additional matlab functions to generate multitaper
spectrograms in the context of the time-frequency analysis
realized in this work.

4.2

Methods

According to suggestions provided by the guidelines of EEGLAB
to downsample the data to around 250 Hz if the original sampling
rate is higher than that, the data has been downsampled to 256 Hz.
EEGLAB is taking care of aliasing using its function. Otherwise,
it would be necessary, first applying a low-pass filter before
downsampling.
The data was re-referenced to average in order to the fact that
outwards positive and negative currents, summed across an entire
sphere, will then sum to zero.
According to our interest in high-resolution alpha-waves with
relevant frequency spectrum of 6 - 14 Hz, data was band-pass
filtered with lower and higher pass band being 6 Hz and 14 Hz
respectively. The filter was implemented by using a FIR-filter,
whereas a high-pass filter with lower pass band 6 Hz and a
low-pass filter with higher pass band frequency of 14 Hz were
applied separately to the data in the previous order. This was done
due to EEGLAB recommendations to gain a better frequency
response.
After filtering the data, again a visual inspection about the signals
was performed. Channel C3 (central-left) seemed to have
significant artifacts compared to the others. Since, after applying
different sequences of preprocessing and filtering in different
order, the artifacts were still present and even influenced the other
channels, we concluded, that the artifacts may not be present due
to physiological or movement related artifacts and therefore may
be artifacts of the recording electrode. Due to our observations we
decided to exclude channel C3 for further analysis. Therefore, the
whole pre-processing procedure was repeated, but with removing
channel C3 already after downsampling. This lead to better
signals among all other EEG-channels, visualized in Figure 2.
After pre-processing the data, the whole data set was divided
according to the provided different sleep stages into seven sets,
each set containing the epochs of the respective sleep stage.

Before pre-processing the provided data, the whole data set was
inspected visually, in order to ensure the continuity of the signals
until the end of the data frame among all data points. Hereby, it
turned out that the last 7.4 seconds did not contain any recorded
signal anymore and were therefore discarded. The new and final
data set contained then 23972.6 seconds of sleep EEG data.

4.2.1

Data pre-processing

For providing accurate and meaningful analysis regarding the aim
of this project, data pre-processing was performed. After rejecting
few data points (mentioned in the previous section) the provided
IDs of sleep stages were imported and added to the data frame.
According to the common approach for scoring sleep stages used
in many studies, discrete sleep stages of 30 seconds were applied
[1]. After discarding the last few seconds of the data, we decided
to not include the last stage in our subsequent analysis and
therefore the data contained 798 stages, each epoch with duration
of 30 seconds. Following sleep stages were applied to our
analysis:
▫
▫
▫
▫

Wakefulness
Awake
REM
Stage 1

▫
▫
▫

Stage 2
Stage 3
Stage 4

Figure 1: Hypnogram according to the provided data of
sleep-EEG
In addition, to remove possible physiological artifacts such as
EMG, EOG or ECG, independent component analysis (ICA) was
applied on the extracted data for each sleep stage. This was
performed using the pop_runica.m function in matlab. After
applying ICA for each slape stage data set, except Stage 1, the
independent components (ICs) were analysed according to their
variance distribution. After comparison between the previous
signal and how the signal looks after removing ICs, 1-3 ICs have
been removed. The number of removed ICs differs among the
different stage data sets. It was not possible to apply ICA on Stage
1. The reason for that might be that it did not detect the rank
reduction caused by channel interpolation due to using EEGLAB.
Since the fact that Stage 1 turned out to be a transition stage from
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Stages Awake to S2 containing only very few data, it was not
included in the analysis regarding the individual analysis of the
sleep stages.
For the continuous time-frequency analysis of the whole
sleep-EEG, there was no ICA applied, since many physiological
artifacts were already filtered out due to pre-processing steps [15].
The non-EEG channels were removed from the sets after ICA,
since they did not really participate to the focus of this topic. A
file containing the spherical coordinates of the channel locations
was added to each set.

waves is usually more present in certain subjects, states and
regions of the brain (mainly awake state and occipital region), the
notable events will thus be highlighted.
The time-frequency analysis concept used in spectral estimation
relies on Fourier analysis of signal which approximates a function
by a sum of simple periodic functions, thus it allows an analysis in
the frequency domain [17]. Since an EEG signal is not stationary,
the spectral estimation is a measure of the power of the signal in
function of frequency and time on small windows. Indeed, the size
of the window should be chosen as a short period in which the
signal should be stationary.
We assumed our signals to be mainly artifact-free thanks to the
pre-processing applied previously, however, using a spectral
estimation, signals like ECG would simply appear in a range of
frequency around 1-2 Hz and thus, not affect our representation.
When computing the spectrum for each individual data set, the
choice of a rectangular window induce a lot of bias because of the
side lobes added to the power. A common used method is the
taper spectrogram which reduce efficiently the variance and bias
of the power estimator.

Figure 2: Visualization of the EEG-channels used for analysis
after pre-processing
Finally the extracted data sets each including 5 channels (F3, F4,
C4, O1, O2) of EEG recording were used for further analysis
(Figure 3). A visualization of the used EEG-channels in EEGLAB
is shown in Figure 2.

Based on the work of the method, the multi-taper spectrogram
was chosen, which is a combination of different taper for our
estimation to get closer to the ideal spectrum. The single taper
analysis are combined to improve the bias removal and provide a
more accurate spectrum estimator. Every taper belongs to the
class of functions of discrete prolate spheroidal sequence (DPSS)
and will lead to a single-taper spectrum. The mean of all those
tapers spectra will be computed to form the multi taper version.
The algorithm included in the Chronus toolbox uses the FFT (fast
fourier transform) which is an algorithm of Discrete Fourier
Transform calculation often used in signal processing for its
ability to transform discrete time data into frequency domain data.
Taking a look at the needed parameters in this implementation we
notice:
▫
▫

The window size N that represent a period on which we
suppose the data to be stationary and dependent on the
scale of analyzed datas
The spectral resolution ∆f which is the precision that we
will obtain regarding the frequencies

Those two parameters will then allow to calculate TW being the
time-half-bandwidth and L being the n umber of tapers used
following those equations:
TW =

N Δf
2

L = [2 T W ] − 1

(1)
(2)

Figure 3: Locations of the channel electrodes used for the
analysis

4.2.2

Spectral Estimation

In order to provide a visual analysis of our sleep EEG a
time-frequency analysis was computed. This technique allows to
track which range of frequencies appear throughout the night and
the different sleep stages. Since the alpha frequencies are
characterized by their frequency range, typically 8-12 Hz, seeing
this criteria over time will help to obtain a global analysis of the
events during the night. As mentioned before, this alpha type of

To choose the appropriate window, some experiments were
performed to achieve a resolution satisfying our needs for
meaningful interpretations. When comparing the different sleep
stages for example, since the signals don’t have the same length
(e.g. patients spend more time in S2 phase than in Awake), we
tried to have a similar resolution for the comparison to make
sense.
In the table below, the parameters are shown suggested by
literature on which we based ourselves with some small
adaptations [16].
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Table 1: Multitaper parameters suggested in literature [16]
T-F analysis

N / step

∆f

TW

L

Full night
EEG

30 / 5

1Hz

15

29

One stage
(Ex: Awake)

6 / 0.25

1Hz

3

5

Even if we were not able to compute ICA on the whole night
signal containing all stages, the spectrogram of this situation is
displaying the time-frequency domain data, so even if the
artifacts (e.g. ECG) were not removed, it would not compromise
our data significantly because of their different frequency range
compared to the alpha waves (e.g. ECG ~1Hz) [16].

4.2.3 Analysis of the alpha-peak frequency
As a second task, an analysis of the alpha-peak frequency (and
amplitude) was performed. The individual alpha peak frequency
(IAPF) is defined as the maximum power value in the EEG
frequency spectrum between 7.5 and 12.5 Hz [11]. In our case the
alpha peak frequency was observed in the frequency band from 6
-14 Hz. The analysis was realized by using the pwelch function in
Matlab, which estimates the Welch’s power spectral density. The
pwelch function computes the power spectral density by using the
following algorithm: First, dividing the input signal into k
segments of M samples, specified by defining the length M and
the type of the window used. Then a N-point discrete-time fourier
transform (N-DFT, NFFT) is computed for each window. N has to
be chosen sufficiently large (at minimum N ≥ M). N was chosen
to be greater M and as power of 2, since Matlab is then
performing a faster Radix-2 FFT algorithm. Since N > M, zero
padding has performed by the N-DFT. In addition, the sampling
frequency Fs was passed to the function. After trying different
values for the parameters according to maintain the validity of the
algorithm, those who showed best the power spectra were
obtained. Then a (modified) periodogram of each window
segment is computed and the set of modified periodograms
subsequently gets averaged to form the spectrum estimate. Then
the resulting spectra estimate is scaled to compute the final power
spectral density. The following values were used for the different
parameters:
Table 2: Parameters used for Welch’s power spectral density
estimate
Input signal

Window

Overlap

NFFT

Fs

5 EEG-channels for
each sleep stage

Hanning,
M = 128

0

4096

256

For obtaining the results visualized in Figure 7, the maximum
peak was found through indexing over the calculate Welch’s
power spectra in the frequency range of 6 - 14 Hz.

5.

5.1.1 Full night of sleep EEG

RESULTS AND CONTRIBUTIONS

5.1 Time-Frequency analysis
In this section, the spectral estimation will allow us to visually
identify alpha waves and their properties. It was performed on
different sets of datas, stages and electrodes to see the maximum
of features.

In the upper part of Figure 8 the hypnogram, describing the sleep
stages through the night, is visualized. The bottom part in Figure 8
shows an average computation of the two occipital signals (left
and right). This was chosen according to Horne’s research in
1988, which states the occipital lobe to be the region where the
alpha waves and other sleep related waves can be observed [18].
By observing the different sleep stages, an increase in alpha
frequency power (8 Hz and 12 Hz marked by the dashed lines)
during the subject was in awake stage can be observed, for
example at the end of its fifth hour of sleep. Indeed, the more the
subject fell into deep sleep, the more its brain waves are lowering
their frequencies which is shown in the decrease of power in the
alpha frequency band as well as in lower frequency bands during
REM intermediate sleep, compared to NREM stages (S1 to S4).
Also a subit increase in frequency when the subject goes from S4
stage to Wakefulness can be observed.

5.1.2 Comparison of Awake and S4 stages
In the continuation of the time-frequency analysis, the
spectrogram for different sleep stages was computed. All the
epochs, for each signal respectively, are joined to form one signal.
We chose to comparate the Awake state and the S4 state. On each
of the plots observable in Figure 4 the spectrogram of the three
main brain regions is shown. The frontal and occipital
spectrogram were computed using the average of left and right
electrode datas and the central one represents the left channels
however we noticed in section 5.1.4 that the difference is
negligible at our analysis level.
A net shift of the frequencies on S4 state comparing to the Awake
one can be highlighted. This, once again, confirms the stronger
presence of alpha waves in an awake state, and a decrease of the
frequencies that accompanies a deep sleep.

5.1.3 Comparison between different regions of
the brain
In Figure 4, the comparison between awake and S4 state has been
displayed for each of the three regions. As precise before, the
frontal and occipital part are an average signal of left and right
electrode. By comparing the power of those signals, small
differences can be noticed. The occipital lobe, as expected,
displays frequencies with a little bit more power and with a
perfect range from 8 to 12 Hz. However, the difference is not
keeping us from seeing the alpha waves in the awake state in the
frontal and central region. Also, in stage S4, the power is greater
(visualized as more colorful) in the occipital lobe. Those
observations confirm that the occipital lobe is a good region to
track sleep related behaviours including alpha waves.
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Figure 4: Comparison of frontal, central and occipital regions
spectrogram in two different sleep stages, Awake (Top) and S4
(Bottom). Spectrogram of frontal and occipital lobe are an
average of left and right electrode signals.The multitaper
parameters used were N=4, Step=0.15, ∆f=1 Hz for the Awake
stage and N=6, Step=0.25, ∆f=1Hz for stage S4.

5.1.4 Comparison between left and right part
of the brain
With the EEG-channels, we were able to perform a
time-frequency analysis of only one side of the brain. In Figure 5,
we compare the spectrogram from left and right signals on frontal
lobe (Top) and occipital lobe (Bottom) in two different states,
Awake and S4, however, looking at Figure 6 we see that the shift
between O1 and O2 in alpha peak frequency is really small and
thus really difficult to observe on a spectrogram. We conclude
that, at our level of precision, there is no meaningful difference
between left and right part of the brain, and that computing the
average of left and right channel for each region doesn’t bring
imprecisions in our previous analysis (sections 5.1.1-5.1.3),

Figure 5: Comparison of left and right electrode resulting
strectrogram in two sleep stages for frontal (Top) and occipital
(Bottom) regions of the brain. The multitaper parameters used
were N=4, Step=0.15, ∆f=1 Hz for both regions.

5.2 Analysis of the Alpha-Peak Frequency and
Alpha-Peak Amplitude
While analysing the alpha-peak frequency and -amplitude we
could obtain different results among the different locations
(channels) in the different sleep stages according to the EEG data
provided. In Figure 6 a comparison of the differing alpha-peak
and its frequency in the different sleep stages and different
channel locations is shown. As expected, the alpha power was
highest during the stage Wakefulness followed by the stage
“awake”. This is coherent with the findings in other studies. It can
also be observed, that the alpha power was highest in the occipital
region in almost every analysed stage, which was expected
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according to previous research [4]. The lowest alpha power was
observed during the stage REM.

A further comparison of the different alpha power according to
the highest alpha peaks among the sleep stages is shown in Figure
7. Hereby, a good overview of the previous explained
observations can be visualized, since the alpha peak is highest in
the channels with data obtained from the occipital region, in
almost
every
sleep
stage.

Figure 7: Summarization of the differing alpha-power according
to the alpha-peak among sleep stages and channel locations
Figure 6: Representation of the alpha-power according to the
different sleep stages: Wakefulness, Awake, REM, Stage 2, Stage
3, Stage 4. In each subplot the respective alpha-power of the
different channels is visualized.
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6.

DISCUSSIONS AND CONCLUSIONS

As a conclusion to this project, first, we can verify that our signal
pre-processing and analysis let to meaningful results regarding the
time-frequency analysis of the whole sleep-EEG data as well as
for the individual sleep stages. The results are convenient to
previous studies in terms of when and in which sleep stages the
alpha waves do more appear or less. It was also able to provide a
visualization of this founding in a good resolution in terms of
time-frequency. Also the fact that alpha waves mainly occur at
electrodes measuring the electrical brain activity in the occipital
lobe, coul be verified with our analysis regarding the alpha-peak
frequency. Since the results of channel C4 seemed to result in a
bit of an unknown and not that much varying alpha activity
regarding its location on the scalp in comparison to frontal and
occipital lobe, further analysis of what is happening during sleep
in the central lobe would be for sure of interest. We think it would
also be interesting to relate the interpretation of the results of our
project to the other groups project about classification of sleep
stages and to gain a combined usage.
In addition we would like to highlight the pre-processing
sequence. Since literature is providing a lot of different
information on pre-processing of EEG-data, we tried a few of
them regarding it’s filter methods and the order of pre-processing
steps, but using the previous explained sequence, in our belief, let
to meaningful results.
For future analysis we think that classifiers obtained from
machine learning methods might be of big use also in the
time-frequency analysis, but in contrary, it has to be seen also
critical, since for obtaining highly significant results very precious
models are necessary. As well such models could be of beneficial
usage for better classifying the alpha-peak frequency.
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