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Abstract. This paper presents a technical solution that analyses sleep signals captured by biomedical sensors to find possible
disorders during rest. Specifically, the method evaluates electrooculogram (EOG) signals, skin conductance (GSR), air flow
(AS), and body temperature. Next, a quantitative sleep quality analysis determines significant changes in the biological sig-
nals, and any similarities between them in a given time period. Filtering techniques such as the Fourier transform method and
IIR filters process the signal and identify significant variations. Once these changes have been identified, all significant data
is compared and a quantitative and statistical analysis is carried out to determine the level of a person's rest. To evaluate the
correlation and significant differences, a statistical analysis has been calculated showing correlation between EOG and AS
signals (p=0,005), EOG, and GSR signals (p=0,037) and, finally, the EOG and Body temperature (p=0,04). Doctors could use
this information to monitor changes within a patient.
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1. Introduction

This paper presents the design and development of a technological solution that aims to solve prob-
lems during rest and detect the level of sleep quality. In doing so, it aids in the diagnostic process and
allows doctors to monitor the progress of patients.

Sleep is not a uniform process, which is why the studies are carried out from when the subjects fall
asleep until they wake up. In this paper, we acquired electrooculogram (EOQG) signals, body tempera-
ture, Air flow Sensor (AS), and skin conductance (GSR) to monitor subjects and analyze their sleep
quality.

When a lack of sleep occurs over a period of time, sleep disorders emerge. These affect the normal
development of the sleep-wake cycle, meaning that phases of sleep may suffer disturbances [1]. If
these modifications occur over a long period of time, they can cause health problems and interfere
with physical, mental, and emotional functionality. This phenomenon is called sleeping sickness or a
sleep disorder. The most significant disturbances are insomnia (suffered by 15-30% of the population,
10% chronically), apnea (7% of the population suffer from this and 85% of them go undiagnosed),
narcolepsy (affecting 0.06%) and parasomnias (10-20% of the population).
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In short, designing and developing a technological solution for sleep quality is presented by analyz-
ing the patient's physiological signals. This involves identifying changes in sleep by processing the
signals in which certain parameters are analyzed to obtain a quantitative evaluation of sleep quality. In
doing so, an accurate diagnosis can be made, which will also enable doctors to monitor treatment pro-
gress.

The well-established techniques considered for analyzing sleep quality are polysomnography, res-
piratory polygraphy, testing for multiple sleep latencies, and the video-EEG dream record [2]. These
techniques are typically only performed at a hospital because they are difficult and expensive. This
paper offers an alternative sleep monitoring solution, which can be used at patients' homes at a lower
cost.

Many papers have analyzed sleep disorders with different types of sensors, like EEG with EOG [3]
or air flow with GSR [4]. However, there are not any published papers that use EOG, body tempera-
ture, AS, and GSR to analyze sleep disorders.

2. Methods

This section describes the methods used to develop this process, which allowed us to establish a
sleep monitor system and evaluate its quality.

2.1. Participants

Five people had their sleep monitored; two male and three female. Two females and one male were
between the ages of 18 and 25; there was also 50-year-old female subject and a 55-year-old male sub-
ject. The recordings were two hours in length, which is long enough to detect a complete 90 minute
sleep cycle. Individuals suffering from chronic illnesses which may alter the paper's results were ex-
cluded. There are not enough samples to make conclusions about the impact of age and gender on
sleep quality. This purpose of this study is to guarantee the effectiveness of the sensors and the method.
The sensors are attached to specific points to enable precise data collection. The EOG signal is ob-
tained by three sensors: the reference sensor is attached behind one ear and the other two above the
eyebrows. The nasal air flow sensor is attached just below the nose. Lastly, the GSR and temperature
sensors are attached to the same hand.

The signals from the sensors are captured and processed to analyze sleep quality. The subjects at-
tached the sensors in their homes without any specialist help. This experiment passed the ethical
committee of the University of Deusto, and the patients signed an informed consent form.

2.2.  Evaluation assessment

As part of the evaluation, the subjects completed two questionnaires. The first is the ESS (Epworth
Sleepiness Scale) [5], which is a questionnaire assessing the propensity to fall asleep in 8 different,
sedentary situations. The second is the PSQI (Pittsburgh Sleep Quality Index) [6], which collects in-
formation from the patient. The following table shows the results obtained from both questionnaires.

From the answers obtained from Table 1, each questionnaire's total score is calculated. This final
calculation determines the final result of both questionnaires. Table 2 shows the final scores from each
subject.
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Table 1

Responses from the sleep questionnaires

S1079

ESS Questionnaire
Subject 1 Subject 2 Subject 3 Subject 4 Subject 5
Question 1 0 3 1 1 0
Question 2 1 3 1 0 1
Question 3 0 2 1 0 1
Question 4 1 3 0 0 0
Question 5 2 3 3 1 2
Question 6 0 2 0 0 0
Question 7 0 2 1 1 1
Question 8 0 2 0 0 0
PSQI Assessment
Subjective sleep quality 2 1 2 2 1
Sleep latency 1 1 1 2 1
Sleep duration 0 2 2 1 2
Normal sleep efficiency 0 0 0 0 0
Sleep disturbances 1 3 1 3 2
Use of medication in order to sleep 2 1 2 2 1
Daytime dysfunction 2 2 1 1 2
Table 2
Questionnaire results
Total Score Subject 1 Subject 2 Subject 3 Subject 4 Subject 5
ESS 4 20 7 3 6
PSQI 8 10 9 11 9

On the ESS, if the score is lower than 6 points, diurnal sleepiness is low or absent; if it is between 7
and 8, it is the average for the population; if the score is over 9, sleepiness is excessive and a specialist
should be consulted. In the PSQI, the total sum of each item can vary from 0 to 21 points. The cut-off
point would be 5, where it would be considered that the subjects enjoy good sleep quality.

2.3.  Acquisition of data

The EOG, GSR, AS, and body temperatures of subjects were monitored to acquire the data. EOG
signal monitoring is obtained using an EMG sensor, which measures the patient's muscular movement.
Its readings are based on the voltage difference existing between the cornea and retina. Under normal
conditions, the difference is 0.4 to 5 mV. By attaching electrodes close to the eye muscles, eye move-
ment is measured to obtain EOG signals. These signals are extremely useful to detect the NREM
(Non- Rapid Eye Movement) phase when eye movement can barely be detected, and the REM (Rapid
Eye Movement) phase when movement accelerates significantly.

The AS (airflow signal) is a nose and mouth flow sensor that detects the flow of nasal and oral air
during sleep. It records changes when the patient breathes in and out, which is essential to detect apnea
and hypopnea disorders. This signal is obtained with a 200 Hz minimum sampling frequency. To de-
tect changes in the signal, spectral information is extracted in bands from 0.1 Hz to 15 Hz.

The GSR (Galvanic Skin Response) records the skin's electrical conductance and resistance. This
biomedical signal depends on the skin's humidity caused by sweating. Bodily secretions are controlled
by the SNS (sympathetic nervous system), so skin conductance is a good indicator of physiological
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and psychological arousal [7, 8]. Processing this signal identifies the sudden change from deep sleep
to a shallower phase, which may or not lead to waking up.

Lastly, body temperature is a very stable, endogenous marker and is therefore useful in studying cir-
cadian disorders. Body temperature follows a 24-hour rhythm: it starts to drop at the beginning of the
sleep period, it reaches its lowest point in the small hours, and then rises in the early morning coincid-
ing with waking up [9, 10]. This variation in temperature between sleep/wakefulness is 1°C. Values
are regarded as normal if the amplitude (difference between the maximum peak and minimum peak) is
> 0.7°C and it is in phase with the set sleep schedule.

2.4. System design

This section specifies the reliable sleep monitoring system. The functions of each subsystem are de-
scribed in Table 3. This section splits into two subcategories: Hardware and Software, with each fur-
ther divided into sub-blocks. Data obtained from these sensors is pre-processed with Arduino software
to obtain accurate data.

2.4.1. Hardware

Hardware is composed of two sub-blocks: storing data obtained from biomedical sensors, and data
pre-processing used for the optimal adaptation of the signals.
Figure 1 shows how the first block works. The input is non-pre-processed physiological signals and
the output sent to the PC is modified signals for subsequent analysis. The following sections provide a
more detailed description.

Table 3

System functions

Subsystem Functions
Sensors Monitoring physiological parameters.
Accessing data.
Data processing Means of communication between the circuit and the software.
Adapting data.
Designing algorithms for data processing corresponding to the signal type.
Data analysis Recording the subjects.

Collecting significant data from each signal type.

Comparing significant data between the signals occurring at adjoining moments in time.
Statistical calculation.

Display Displaying processed signals.

Displaying changes in common between signals.

Data pre-processing
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Fig. 1. Diagram of the hardware block.
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2.4.2. Software

The software is composed of three elements: data processing, data analysis, and displaying results.
This block collects pre-processed signals by Arduino, and processes each signal type appropriately:
filtering the signal, and analyzing it in time and frequency. Filtering the signal is essential to obtain a
clear signal. To do so, each signal needs a different filtering process. EOG filtering needs a 0.3 Hz
high-pass filter and a 15 Hz low-pass filter. AS filtering need a 25 Hz low pass filter.

Once processed, the stored data is analyzed by processing algorithms, which conduct a quantitative
analysis of the signals so that they may detect possible disturbances during sleep. The algorithms in-
clude a comparative of the EOG signal with AS, body temperature, and GS signals to provide a rela-
tion with the change in signals and sleep disturbance.

Furthermore, a statistical calculation is made to ensure effective monitoring and to validate the re-
sults. A statistical analysis determines the agreement between the signals' changes and how they affect
the patient's sleep quality. This next step is to calculate changes in the signals to determine patterns
and discrepancies.

The third sub-block can be seen in Figure 2. The data is displayed using a user's interface to facili-
tate the diagnosis made by the medical expert. This process is shown in Figure 2.

3. Results

This section compiles the results obtained from each patient to prove that the system works properly.
Throughout this study, each signal's most significant points have been recorded: AS peaks, EOG peaks,
temperature change, resistance jump, and conductance jump. Monitoring the most unstable points was
then carried out to determine whether such points condition the other signals or not. The final results
are obtained via the user's interface, where the processing algorithms are compiled and each subject's
characteristics analyzed.

3.1.  Results obtained via the interface

Analysis of the signals was conducted using the processed EOG (see Figure 3), GSR, AS (see Fig-
ure 4) signals, and body temperature. Specific filtering was carried out on each signal, to prevent the
signals from being affected by external interferences. EOG filtering, for instance, needs a 0.3 Hz high-
pass filter and a 15 Hz low-pass filter. Figure 5 shows how filtering helps to interpret the signal. The
following figure displays an unfiltered EOG type signal after processing.

Once the signal has been filtered, its most significant peaks are displayed and marked with a circle.
Unstable points and the times when they occur are stored to later compare them with other signals.
The following figure compares the EOG signal with the AS signal. The latter requires the nasal flow
speed to be calculated to detect the unstable points when the subject breathed irregularly.

Unpr ocessed Processed Generation Final
signal signal of results result
- Block 1 Block 2 Block3 —>@

Fig. 2. Diagram of the Software block.
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Fig. 3. EOG signal. Fig. 4. EOG and AS comparison.
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Fig. 5. EOG, GSR and temperature comparison.

Furthermore, body temperature and GSR are directly related: if skin conductance rises, body tem-
perature falls [11]. To obtain points of agreement between both signals, the number of changes for
each metric must be detected, and then critical moments for each metric must be compared. The data
occurring in common between GSR and body temperature is stored for subsequent comparison with
the EOG signal.

Unstable points between the EOG, GSR, and body temperature are compared to determine if they
relate to the EOG signal. If a change occurred at the same time as an EOG signal, the changes are
thought to have conditioned the subject's rest.

3.2.  Statistical analysis

To validate the study, a statistical analysis is conducted determining the agreement between the sig-
nals' changes and how they affect the patient's sleep quality. This study calculates the measurements of
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the signal's significant changes to determine how the data groups and/or scatters. Each subject's de-
scriptive statistics are calculated, which include the mean, standard deviation (SD), and each value's
maximum and minimum. SD quantifies variation or dispersion of a set of data values [12]. A standard
deviation close to 0 indicates that the data points tend to be very close to the mean of the set, while a
high standard deviation indicates that the data points are spread out over a wider range of values.

With this data, Spearman's rank correlation coefficient is then calculated. This correlation is a non-
parametric measure of statistical dependence between two variables. It assesses how well the relation-
ship between two variables can be described using a monotonic function [13]. In this case, the varia-
bles are the number of peaks in one signal, like EOG, and jumps in the others, like body temperature.
The following graph shows the significant changes (p < 0.05) obtained, and their level of correlation.

Figure 6 shows data close to 1. This data has a very strong positive correlation, i.e. if a value in-
creases or decreases, the other will also. However, values close to -1 have a very strong negative cor-
relation; if a value increases, the other decreases, and vice versa. This analysis proves the effectiveness
of the Arduino and 'e-Health' shield to obtain a clear data.

4. Discussion and conclusions

This section discusses the results and draws conclusions from the data.

This system efficiently monitors subjects’ sleep in their homes. This system can therefore help di-
agnose sleep disorders [14], and sleep studies can be conducted without the need to involve special-
ized clinics. The most significant conclusions and discussions concerning each stage are summarized
below, as well as the results obtained in the process.

The statistical correlation performed using Spearman's rho indicates that the data collected produces
significant statistical results on up to eleven occasions. Therefore, the changes occurring in the EOG
signal, in common with the other signals' disturbances, are related. Thus, if a large number of changes
in common between the signals are obtained, the user's level of rest is lower. The changes in common
occurring between the EOG signal and the AS signal have produced significant data (p = 0.005 < 0.05)
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Fig. 6. Correlation of variables.
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with a 0.97 correlation out of 1. This is in line with what is described in studies of sleep apnea [15, 16],
since unstable moments in breathing have been found to coincide with the EOG signal and indicating
that the subject's rest has been affected.

Regarding different studies [17, 18], each signal's significant points have been located and these
points have also been related to the others to obtain a direct relationship between the subject's level of
rest and the number of changes recorded during the recording period. High-value changes in common
have also been detected between temperature and GSR. This data, together with the data in common
with EOG, complements the results obtained in relation to temperature during sleep [19]. Similarly,
significant changes in common have been obtained with EOG and GSR (p = 0.037 < 0.05) and in EOG
and body temperature (p = 0.04 < 0.05).

To develop the system, the signals obtained via hardware are adapted, and conflicts are avoided in
interpretation and subsequent processing. If the signals obtained by the “e-Health” sensor are not rec-
orded correctly, data interpretation can vary. In this study, the readings of each subject's physiological
activities have been successfully and appropriately obtained, which aids data interpretation via soft-
ware.

With regard to processing, each signal (EOG, GSR, AS, and body temperature) has been analyzed
to adapt each one appropriately. Fourier frequency analysis aids in the detection of conflicting fre-
quencies; IR filtering eliminated them. If such filtering fails to be done properly, it can result in errors
in reading the data.

By analyzing the significant changes experienced by each subject, it can be seen that there is a cer-
tain relationship between the changes occurring at moments in time close to the subject's level of rest.
It has been observed that the number of jumps in conductance and resistance, and the changes arising
from temperature do not always have a direct relationship with the subject's rest. The relationship aris-
es when the changes coincide with the EOG signal. Furthermore, it can be seen that the air flow signal
suffers greater variation if the EOG signal displays a larger number of disturbances. Moreover, it has
been noted that, on days when the subject has reached the REM phase, the number of coincidences
between signals is better in relation to the days when they have failed to reach this phase. It is there-
fore thought that these are the days when a higher level of sleep quality is achieved.
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