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Abstract

Bed-time sensors - characterization and comparison

Joshua Hughes Höglund

The population of the world is aging. In Sweden alone, almost 20% of 
the population is 65 years or older. As people get older, problems 
with sleep disturbances and sleep quality tends to increase, as do the 
risks of falling injuries. In this thesis, methods for calculating 
sleep quality and if a person is about to leave a bed were devised. A 
bed sensor, measuring ballistocardiographical signals, was used to 
measure activity in bed and vital signs of the occupant. The Cole-
Kripke algorithm, used to calculate sleep quality based on activity 
from a wrist worn sensor, was adapted to the bed sensor system and 
compared to results from the ActiGraph wGT3X-BT activity monitor, 
which is frequently used in research. The bed sensor systems sleep 
quality estimations showed strong correlation with the ActiGraph, with 
a Pearson correlation coefficient of 0.946. Two approaches were made 
to estimate if a subject was about to leave the bed, one by training a 
neural network on labeled night data, and one using a linear equation 
with each term consisting of activity data, optimized by linear 
regression. The neural network approach suffered from limited data, 
but the linear method showed more promise, with accuracy, specificity 
and sensitivity all over 70%.
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Populärvetenskaplig sammanfattning
Populationen i Sverige och många andra länder förändras mot en allt äldre befolkn-
ing. Färre barn föds och utvecklingen inom medicin gör att människor lever längre
och längre. Detta leder också till en större och kostsammare älderomsorg. Fallolyckor
bland äldre är något som kostar samhället stora summor pengar. År 2009 var kost-
naden ungefär 14 miljarder kronor, och väntas öka till 22 miljarder år 2050. Samtidigt
kan ett fall såklart också drastiskt minska den äldres livskvalitet. Konsekvenserna kan
vara både fysiska och psykiska, med brutna ben, minskat självförtroende och ökad
isolering.

Sömnsvårigheter är också ett växande problem i många länder, i synnerhet bland
äldre. Sömnen är viktig för din hälsa och för att hjärnan ska kunna återhämta sig.
Störd sömn leder i mildare fall till att man blir tröttare dagtid och kanske till exempel
presterar sämre på jobbet. Sömnproblem under längre tid kan leda till allvarligare
fysiska och psykiska problem, så som depression och hjärt- och kärlsjukdomar.

För att förbättra sin sömn har många tagit tekniken till hjälp. I och med den
smarta telefonens framfart har nu de flesta av oss en dator i fickan med avancerad
sensorutrustning och imponerande beräkningskraft. Utvecklare har använt detta för
att skapa applikationer för hjälpa människor att sova bättre. De flesta av dessa
appar mäter kroppens rörelse i sängen med hjälp av en accelerometer, en sensor som
mäter acceleration. Populariteten bland dessa appar har resulterat i att miljontals
människor har testat dem. Vad många inte vet dock är att dessa appar i flesta fall
inte är baserade på någon djupare forskning, och att dess resultat då inte är särskilt
tillförlitliga.

Målet med detta arbete var att undersöka och försöka utveckla metoder att bedöma
sömnkvalitet och försöka förutspå när en person ska lämna sängen, för att potentiellt
minska fallrisken hos äldre. För att testa hur bra dessa metoder är, kommer de att
i den mån det går att testas mot utrustning som i regel används i forskningssyfte.
För att undersöka sömnen användes en sensor som lades under bäddmadrassen i en
säng. Sensorn mäter rörelser och är så känslig att den även kan mäta puls och and-
ning hos en människa som ligger i sängen. En liten enkortsdator användes för att
ta emot data från sensorn och utföra beräkningar. Det visade sig att mängden stora
rörelser i sängen, som uppstår till exempel när man vrider och vänder på sig, kunde
användas i hög grad för att estimera sömnkvalitet och bedöma om personen var på
väg ur sängen.



Abbreviations
B2B Beat-to-beat

BCG Ballistocardiography

EEG Electroencephalogram

EKG Electrocardiogram

EMG Electromyogram

EOG Electrooculogram

HR Heart rate

HRV Heart rate variability

L-BFGS Limited-memory Broyden–Fletcher–Goldfarb–Shanno algorithm

MEMS Microelectromechanical system

PSG Polysomnogram

PSQI Pittsburgh Sleep Quality Index

RR Respiratory rate

SCSB Static charge sensitive bed

SR Stroke rate

SS Signal strength

SV Stroke volume
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1 Introduction
The population distribution has changed considerably in the last century. In the early
1900s, children and young adults accounted for the largest parts of the population.
Today the the distribution between ages is far more even, with a greater part of
the population being elderly [1]. A graphical representation of how the population
distribution in Sweden has changed is shown below in Figure 1. In 1960, 11.8% of
the population was 65 years or older. In 2017 this number had increased to 19.8%
[2]. This trend is expected to continue, but with an additional substantial increase in
the number of older elderly, those aged 80 and above [3].

(a) Population distribution 1900 (b) Population distribution 2017

Figure 1: Population distribution for the years 1900 and 2017 [1].

Problems with sleep disorders and sleep quality tends to increase with age [4]. In
some studies, sleep disorders and disturbances were shown to be prevalent in more
than half of the elderly participants [5]. In a study of 9000 people aged over 65, 42%
of participants complained about having problems initiating and maintaining sleep,
with less than 20% assessing they rarely or never had complaints [6]. As people age,
their need for sleep generally decreases [7]. But sleep duration is only one of many
important factors. Elderly generally fall asleep at an earlier time during the day
and at more inconsistent times, have more early morning awakenings and take more
frequent daytime naps [8].

Amongst the elderly, falling injuries represent a major public health issue both
in regards to cost and reduced quality of life. In Sweden, the societal cost alone
was approximately 14 billion SEK in 2009, and is expected to reach 22 billion by
2050 [9]. Amongst people aged over 65 living in the community, about one third
fall every year. In institutions this proportion increases to over one in two [10].
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As age increases, the severity of the consequences and the complications of the fall
escalates, with increased disability and impairment [11]. Around 5-10% of falls lead
to a fracture or an other serious injury, about 20% require medical attention and
another 30-50% sustain minor soft tissue injuries which do not require medical help
[12][13]. In addition to the possible physical ramifications of a fall, many experience
psychological trauma as well, including but not limited to fear, depression, anxiety
and reduced self-efficacy [14].

To combat this rising issue, companies in the realm of e-health have created prod-
ucts to help decrease the risk of falls occurring. Motion detectors are used to identify
if the patient has left the bed and is moving around in the room. Pressure mats in
front of the bed identify if the patients have set their feet on the floor and are be-
ginning to stand up. Cameras are being used to monitor the patient. Fall detectors
worn around the wrist or waist can sense if a patient has fallen. The common aspect
of many of todays fall prevention technological solutions is that the alarm or warning
is sent to the carers after the patient has left the bed [15].

Sleep disorders and sleep quality issues are, of course, also a burden for other than
the elderly. There are some estimations that problems with insomnia might affect up
to half of the population [16]. The consequences of long time suffering can be quite
dire, as sleep disorders increase the risk of developing conditions such as heart disease
and depression [17] [18]. Many attempt to improve their sleep by using technologies
available to the ordinary customer, such as the sensors in their mobile phone.

A sensor is a device which is constructed with the aim to detect changes in its
environment. With the advent of smartphones, advanced sensor equipment now re-
sides in almost every home [19]. A sensor which almost all modern smartphones have
is an accelerometer. An accelerometer is a device which measures acceleration rela-
tive to its frame of reference. App developers have found ways of incorporating data
from this sensor into sleep analyzing applications, which have been downloaded by
millions [20]. What might be unknown to users of these applications, is that many
lack scientific evidence [21].

1.1 Project description and aim

The aim of this thesis is to develop and test methods to evaluate quality of sleep and
predict when a subject is about to leave the bed before doing so. An application will
be developed which, for example, can help prevent falls in elder care facilities. To test
the validity of such methods, results will be compared with an ActiGraph wGT3X-
BT, a wrist worn activity monitor which is regularly used in professional research. A
smartphone app and consumer grade activity monitoring watch will also be used in
comparison.

In order to make such predictions, data will have to be collected from a subject
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sleeping on a bed. A system will first have to be created, which will consist of a bed
sensor that sends data to a microcomputer where storage and processing of the data
will take place.
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2 Background
In this chapter some of the current techniques which researchers use to study sleep
analysis will be explored. Previous work and studies related to the subject of this
thesis will also be presented.

2.1 Sleep Analysis

2.1.1 Polysomnography

The gold standard for sleep analysis is the polysomnogram (PSG). A PSG is a med-
ical procedure which collects several concurrent but independent test that monitor
different bodily function during sleep, for later in-depth analysis. A modern PSG
uses a wide array of test to monitor bodily functions during sleep. The tests and
information collected during a PSG contain among other things [22]:

• Electroencephalogram (EEG) - Measures brainwaves to identify sleep stages

• Electrooculogram (EOG) - Measures eye movement. Especially important for
measuring REM sleep.

• Electromyogram (EMG) - Registers muscle activity, such as leg movement and
teeth grinding

• Electrocardiogram (EKG) - Records heart rate

• Pulse oximetry - Measures oxygen content of the blood

• Respiratory monitor - Collects respiratory information

• Capnography - Measures carbon dioxide in the airways

• Microphone - Collects snoring volume

• Video camera - Records video in order to determine sleeping position and mo-
tion.

• Thermometer - Measures body temperature

• Light intensity tolerance test - Measures how the sleep is affected by light

• Nasal and oral airflow sensor - Measures respiratory rate and airflow

• Blood pressure monitor - Measures blood pressure
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The data from these tests are collected continuously and then used to determine
sleep stages, sleep quality and different sleep disorders. The test itself is conducted
in a laboratory environment, with a sleep technician continuously monitoring the
parameters[23]. Since PSG is so extensive, many different sleep disorders can be
studied, such as [22]:

• Breathing related sleep disorders - such as sleep apnea.

• Sleep related movement disorders - such as restless leg syndrome

• Narcolepsy - excessive daytime sleepiness and disruption in circadian rhythm.

• REM sleep behavior disorder - A sleep disorder which leads to acting out ones
dreams.

• Chronic insomnia - Problems falling asleep.

In order to measure all such bodily functions, the patient has to be continu-
ously monitored and a wide array of sensors and medical instruments has to be used.
Since the measurements are so intrusive, conduction of the test will in itself alter the
subjects sleep [24]. Hence, the limitation of this technology is its invasiveness and
complexity of usage, and is therefore not applicable outside of a closely monitored
laboratory or hospital environment.

2.1.2 Pittsburgh Sleep Quality Index

Subjective sleep quality is an important element to study, since sleep dissatisfaction
is associated with a wide array of physical and mental disorders [25]. The Pittsburgh
Sleep Quality Index (PSQI) is a a self-rated questionnaire which is used to assesses
subjective sleep quality over a 1-month time period. It was developed in 1987 in order
to gather a subjective standardized measure of peoples sleeping habits, represented as
an index which is easy for both clinicians and patients to understand. The test consists
of 10 questions and yields a global score from 0 to 21, where higher quality of sleep is
associated with a lower score. The test consists of objective questions regarding bed
time, sleep latency, sleep duration and time getting up, but also subjective questions
such as personal rating of sleep quality and general feelings if enthusiasm to get things
done [26]. The test has shown good results as a valid and reliable way to determine is
the subject suffers from a variety of different sleep disorders and to estimate quality
of sleep [27] [28].
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2.2 Related work

The validity of the reported vitals signs of BCG sensor have been studied in a paper
from Aalto University in Helsinki in 2016 [29]. The vital signs were validated in
a clinical test with 20 patients using PSG as a reference. The BCG parameters
correlation coefficient was found to be 0.97 for HR, 0.67 for high frequency (HF)
HRV, 0.71 for low frequency (LF) HRV and 0.54 for RR.

In 2010, researchers from Seoul National University studied wakefulness estimation
based on heart rate monitoring using ballistocardiography. According to the paper,
heart rate changes can help classify a subjects change between sleep stages. When
otherwise monitoring heart rate during sleep, the subject has to attach electrode
which have to be connected to the body for the entire night. The authors of this
paper argues that ballistocardiography is a less intrusive way to obtain the same
signals. In total, 10 subjects took part in the test. The results from the heart rate
based algorithm was compared with a polysomnogram. The results showed that the
mean Cohen’s kappa value equaled 0.673, indicating a strong agreement with the
results from the polysomnogram. The sensitivity and specificity were 0.717 and 0.989
respectively, with an agreement of 0.979 [30].

A study conducted in 2003 at the University of Jyväskylä in Finland evaluated
the relationship between bodily movement in bed and sleep quality. Increased motil-
ity is one of the most visible signs of distorted sleep. Whereas some movement is
normal, and different amount of movement is normal for different sleep stages, ex-
cessive motility is not favorable. The amount of movement in bed was measured by
using a static charge sensitive bed (SCSB), which is a device that consists of a thin
mattress which, in addition to measuring larger movements of the body, is sensitive
enough to sense movement due to respiration and the beating of the heart, similar
to ballistocardiograhpy. Over the course of two weeks 16 patients were studied. A
subjective sleep quality score was assessed through a questionnaire which each pa-
tient took each morning, consisting of questions regarding sleep time, sleep latency,
number and duration of awakenings, depth of sleep, feeling of restfulness and more.
The results showed a correlation between high sleep quality and low mobility in the
patients. The correlation between the percentages of average movement time and
sleep efficiency saw a statistical correlation for over 50% of the patients in the study.
The extremes of large amount of movement were more indicative of bad quality of
sleep than extremes of low movement were indicative of good sleep. Total movement
varied considerably between patients, indicating that an individual baseline for each
patient needs to be taken into consideration [31].
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3 Theory

3.1 Ballistocardiography

Ballistocardiography(BCG) is the study of the ballistic forces exerted on the human
body by the heart, occurring due to the acceleration of blood throughout the large
vessels in the body. First discovered in the 19th century [32], it saw a period of
intense research in the mid to late 20th century, only to die down shortly after [33].
In later years, a resurgence has occurred. As technological development has advanced,
smaller and more sensitive accelerometers are being made. This in turn has made
BCG studies less intrusive and more accurate, and thus more suitable for research
[34].

An example of a BCG signal is shown below in Figure 2. After the aortic valve
opens, blood accelerates from the heart towards the head. This in turn leads to an
equal and opposite recoil force, in accordance with Newtons third law (H → I). The
aorta then turns downward and the acceleration is inverted(I → J). As the blood
flows through the arteries, the acceleration again changes sign almost simultaneously
as the aortic valve closes(J → K). Depending on dampening factors and how the
ballistic forces are recorded, the rest of the signal varies, but it dampens before the
next heartbeat occurs(K → L→M → N) [35].

Figure 2: An example of the ballistocardiographical waveform [36].

BCG can, in addition to cardiac events, be used to analyze respiration. Breathing
affects the stroke volume of the heart, which is in itself related to the pulse ampli-
tude. During inspiration the pulse amplitude sum is higher, and lower for expiration.
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Respiratory rate can then be calculated from pulse modulation and respiratory depth
from the amplitude of the BCG signal [37].

The BCG signal can be measured by recording displacement, velocity or accel-
eration, and is known to produce signals in all three axes. Bed- and table-based
BCG systems in general measure only in the longitudinal direction, where the largest
projection of the 3D forces will be situated [34].

Location of placement of the BCG measuring device is also of importance. Mea-
suring the BCG signals at the head will produce different signals than measuring at
the foot [34]. As the signal is a result of activity which orients from the heart and
lungs, placement close to this area of the body will generate the most intelligible and
pronounced results.

3.2 Sleep quality

Sleep quality has many different definitions, but is generally assessed by taking ob-
jective sleep information, such as sleep duration, sleep latency and number of times
waking up, and subjective information such as feeling of restfulness and sleep depth
[26]. Sleep duration is a measurement which by itself can be a good indicator of
well being. Individuals who report sleeping less than the recommended 7-8 hours per
night are at a higher risk of developing health issues such as diabetes and coronary
heart disease [38]. Sleep quality will in thesis be defined similar to sleep efficiency,
which is defined as the percentage of total time in bed being asleep. Here, though, we
will disregard sleep latency, in order to mirror the sleep quality definition of the Acti-
Graph wGT3X-BT. Hence, a night were a person sleeps for 8 hours and has a total
of 2 hours in total of shorter periods of awakeness, would result in 8

2+8
= 8

10
= 80%

sleep efficiency.

3.2.1 Cole-Kripke algorithm

The Cole-Kripke algorithm is an activity based approach to determine sleep and
wake times during a nights sleep. It was derived from research done by Roger Cole
and Daniel Kripke in the technical note Automatic Sleep/Wake Identification from
Wrist Actigraphy [39]. The algorithm utilizes wrist activity, collected from an activity
bracelet or watch, and calculates a score for a certain time point based on activity
before and after this time. The activity is divided into epochs of either 10, 30 or 60
seconds. If the score is greater than 1, the subject is assumed to be awake. If the
score is less than 1, the subject is assumed to be asleep. The equations which were
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derived for 10, 30 and 60 second epochs respectively are

D(t) = 10−5(550At−4 + 378At−3 + 413At−2 + 699At−1 + 1736At + 287At+1 + 309At+2)

D(t) = 10−4(50At−4 + 30At−3 + 14At−2 + 28At−1 + 121At + 8t+1 + 50At+2)

D(t) = 10−3(106At−4 + 54At−3 + 58At−2 + 76At−1 + 230At + 74At+1 + 67At+2)
(1)

where D(t) represents the score at time epoch t, and At is the mean activity for the
epoch t. Compared to a PSG, the Cole-Kripke algorithm correctly assesses sleep and
wake times with an accuracy of approximately 86-88%, depending partly on which
epoch size is used [39].

3.3 Sleep progression throughout a normal night

During the night, the body will oscillate between different sleep periods, traditionally
classified as non rapid eye movement(REM) and REM sleep [40]. Non-REM sleep
can in itself be divided into 3 different stages, called N1, N2 and N3. One sleep cycle
will in general incorporate all 4 different stages, 1 REM stage and the 3 non-REM
stages. Categorizing sleep into the different stages can be done effectively during a
polysomnogram. During each stage a subjects brain waves follows specific frequencies
and patterns, which can be measured with an EEG [24]. As the night progresses, the
amount of time spent in REM sleep increases for normal subjects [41]. To estimate
when a subject is about to get out of bed, it is of interest to potentially find such
patterns in the data from the BCG sensor.
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4 Methods
This section presents the materials and procedures used within this thesis. First, the
different hardware is described. Secondly, the different parts of the system architec-
ture is described in detail, with the collection, storing and processing of the data.
Finally, definitions and approaches to analyzing sleep is defined and explored.

4.1 Hardware

Presented below are the different hardware used during this thesis. A bed sensor
and an activity activity monitor was used to collect sleep data, and a single-board
computer was used to analyze this data.

4.1.1 Murata SCA11H

The SCA11H is an accelerometry based microelectromechanical system (MEMS) and
BCG sensor developed by Murata Manufacturing. The sensor contains an accelerom-
eter, which collects acceleration data along one axis. When attached to an occupied
bed, the sensor can determine vital signs such as heart rate(HR), heart rate variabil-
ity(HRV), respiratory rate(RR), stroke volume(SV) and beat-to-beat(B2B) times for
the subject occupying the bed. This is done by measuring the movement of the bed
with the accelerometer and analyzing the ballistocardiographical waveforms produced
by the subjects heart and lungs. The sensor reports this data at a frequency of 1Hz,
along with a measure of signal strength(SS), a measurement of activity. [42]. An
image of the sensor is shown in Figure 3.

Figure 3: The Murata SCA11H bed sensor.

To get accurate information about the vital signs of the subject in the bed, it
is important that the sensor is correctly calibrated. This can be achieved in two
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different ways: empty and occupied bed calibration, and adaptive calibration. Empty
and occupied bed calibration is performed in two steps. First the sensor measures
the acceleration of an empty bed for 1 minute, then the subject lies down in the bed
whilst the sensor collects acceleration data for one minute. Based on the difference in
signal strength between empty and occupied bed, software within the sensor calculates
the relevant calibration parameters. Adaptive calibration is done by collecting large
amounts of in and out of bed data, and automatically separating it into in and
out of bed periods. The information is then used to calculate accurate calibration
parameters. The most accurate calibration parameters are in general produced by
adaptive calibration [43].

4.1.2 Raspberry Pi 3 Model B

The Raspberry Pi 3 Model B is a small, low-cost, low-power single-board computer
[44]. It is the second latest (as of August 2018) iteration of the Raspberry Pi mi-
crocomputer lineup. The hardware used in the Raspberry Pi 3 Model B is shown in
Table 1.

Detail Information
Model Raspberry Pi 3 Model B
Processor 1.2GHz Broadcom BCM2837
CPU cores 4
Memory 1GB
Wi-Fi 802.11n
Operating System Raspbian GNU/Linux 9 (stretch)

Table 1: The hardware inside the Raspberry Pi 3 Model B.

A mouse and keyboard can be connected to the Pi, as well as an HDMI cable to a
monitor, which makes it then usable as a normal desktop computer. After connecting
the Pi to the internet via a Wi-Fi connection or through Ethernet, the Pi can also be
accessed through SSH remote login. The Pi does not contain any built in storage, and
therefore the operating system, files and other data has to be stored on an external
micro-SD card.

4.1.3 ActiGraph wGT3X-BT

The ActiGraph wGT3X-BT is an activity monitor which captures and records three
dimensional movement data from its user. It contains a 3-axis MEMS accelerometer
for recording movement and an ambient light sensor, used to determine brightness.
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It can be worn around the wrist, waist ankle or thigh. In Table 2 below some further
information about the activity monitor is shown [45].

Detail Information
Model name ActiGraph wGT3X-BT
Sample rate 30-100 Hz
Dynamic range ± 8G
Battery life ∼ 25 days
Memory 4GB

Table 2: The hardware and capabilities of the ActiGraph wGT3X-BT.

The ActiGraph monitors are among the most used activity monitors in today’s
activity based research [46]. Its involvement in research studies includes topics such as
reducing hypoglycemia in diabetes patients, determining walking speed, calculating
sleep quality and more [47] [48] [49]. Utilizing the Cole-Kripke algorithm, estimates
of sleep quality can be calculated from the collected acceleration data.

4.1.4 Other hardware

A smartphone app and a consumer grade activity watch was briefly used to compare
the results from the bed sensor system with. The smartphone app which was used
was "Sleep as Android", which measures and presents a wide array of information
to its user. Using the phones accelerometer, it can collect movement data during a
nights sleep if the phone is placed in the bed. The longer the app is used, the more
it truncates the data into longer epochs. When collecting data during a nights sleep,
the data gets averaged into about 15 minute epochs, which makes comparisons with
the 1Hz communication of the bed sensors difficult.

The consumer grade activity watch was a Polar M430. The watch collects move-
ment data from the wearers wrist during a nights sleep, but can also be used to
track activity during the day. Based on the activity measurements during sleep, it
estimates sleep cycles and the different sleep stages throughout the night, as well as
showing graph over movement. The raw activity data was not possible to extract,
which makes the graphs the only way to analyze activity, which in turn made it very
difficult to compare with the bed sensor.

4.2 System design and data collection

In order to analyze sleep, a system must first be developed for collecting data from
the BCG sensors. The data will have to be stored in a reliable way for future use,
processing of the data will have to happen in real time and the system will have
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to react to possible changes. In Figure 4 below the system architecture is shown.
Each part of the system is described in more detail in the paragraphs below. Murata
supplied code for adaptive calibration and the Flask server implementation, both of
which were altered to fit with the aim of this thesis. The rest of the code was written
from scratch. The software for collecting, analyzing and storing the data from the
sensors was all written in Python 3.

Figure 4: System architecture over the bed sensor system.

4.2.0.1 Sensor output The Murata SCA11H sensors were used to collect data
from the beds. The sensor was placed under the mattress, with its longitudinal axis
placed in parallel with the length of the bed. In order to collect the highest quality
data, with the greatest amplitude, the sensor was placed in line with the chest area
of the subject occupying the bed. The sensor can send information either locally to
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a computer within the same network or non locally to a cloud server. When sending
locally, the sensor communicates at a frequency of 1Hz. When communicating non
locally on the other hand, the communication frequency can be set. To minimize the
number of communication events between the sensor and the computer, while still
communicating recently collected data, collection of data was made in non local mode
at a rate of once ever 30 seconds.

4.2.0.2 GUI A simple GUI was constructed in order to easily start and stop
collection on data. It is illustrate below in Figure 5, both in running and non running
mode.

(a) Collecting data (b) Not collecting data

Figure 5: The graphical user interface used to start and stop the collection of data.

The "Bed Sensor Program" button activates or deactivates collection of data. The
"Find sensor button" locates sensors close to the Raspberry and sets their sending
address to the Raspberry’s IP address. The "Check Sensors" button checks if the
sensors have sent data in the last 5 minutes. This script is run every few minutes,
but can also manually be run by clicking the button.

4.2.0.3 Flask server The data was to be collected on a Raspberry Pi 3 Model
B. Since the sensors were in non local mode, they will send to a server. Therefore,
a server had to be set up on the Pi. Using the web framework Flask, a simple web
server was set up. Murata supplied some code which was then expanded from. The
server was set to receive HTTP POST requests with data from the sensors and start
the data processing work.

4.2.0.4 Data processing On the Pi, the data was received and written to a text
file. Each line of data follows the following format:
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• Time,HR,RR, SV,HRV, SS, Status,B2B,B2B′, B2B′′

The Time parameter represents only the number of seconds since the sensor was
turned on, and resets after a predetermined time, hence it was necessary to add the
actual time and date to this list. This was done by adding the Unix time to each line
of parameters. In order to separate between sensors, a sensor ID was also added. The
final line of parameters was thus:

• Time,HR,RR, SV,HRV, SS, Status,B2B,B2B′, B2B′′, SensorID,Unixtime

The data was then written to a MySQL database locally on the Pi for long time
storage. The data processing script calls an algorithm for calculating bed occupancy
and checks if any of the event based algorithms need to be run.

4.2.0.5 Calibration To ensure quality in the data, the sensors have to be ad-
equately calibrated. Calibration was done by use of Muratas adaptive calibration
algorithm every 5 hours, since moving the bed or the sensor can change the optimal
calibration parameters. The first time the parameters are updated after starting the
system, all the data since initiation is used to calibrate. This is done for each update
until more than 48 hours of data have been collected. After that, the latest 48 hours
of data is used.

The algorithm itself produces an error message when completed, which relays
information if enough in and out of bed data was available during the training in
order to produce good calibration parameters. If no errors occur, the parameters are
updated. If an error occurs, the old parameters are kept.

4.2.0.6 Changed state A sensor sends approximately 10 megabytes of data over
a normal 24 hour period (about 8 hours of in bed data and 16 hours of out of bed
data). In order to have easy access to information on if the sensors are adequately
calibrated and reliably estimates of bed occupation are made, it is desirable for this
information to be accessible for all sensors from a single server. If many Raspberries
with many sensors are used, though, data storage might eventually become an issue.
This problem is solved by only communicating changes in bed occupancy to the server.
If the data processing algorithm detects a change in state, the current time and state
is communicated, along with a sensor ID. These logs of changes can then be combined
and produce a graph over bed occupancy.

4.2.0.7 Sensor error The sensors are required to be connected to the same Wi-Fi
network in order to send their data to the Flask server. The Wi-Fi connectivity on the
sensors is not ideal, which led to connectivity issues when the Wi-Fi signal strength
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was weak. The sensor will also of course not be able to send any data if it loses power
or suffers any other catastrophic failure. To make sure the data from each sensor is
being received, the current time is logged each time a sensor sends data. Every few
minutes, this time is checked for all sensors. If the time since the last communication
with a sensor is larger than 5 minutes, an e-mail is sent, specifying the ID of the
sensor which has the issue.

4.3 Sleep Analysis

4.3.1 Bed Occupancy

In order to accurately analyze sleep, it is of importance to first determine if the bed
is occupied or not. The background noise detected by the sensor has to be accurately
distinguished from heart beat and respiratory induced vibrations in order to do so.
Some false readings will occur, though, which demands a deeper analysis.

Murata has developed a technique to combat this issue, based on a machine learn-
ing approach. The program takes one line of data at a time, and returns a probability
for bed occupancy. The probability is then filtered and evaluated, and the bed is de-
termined to be either occupied or not. The probability of bed occupancy also depends
on data points from earlier in time, giving, for example, a higher probability of bed
occupancy if recent data has indicated to point towards that output. The program
contains exponential filter and hysteresis limits, for which parameters can be changed
to alter the sensitivity of the bed occupancy detection. The primary means of chang-
ing this sensitivity is by altering the value of a parameter called α. By testing done
on hospital beds by Murata, the speed of detection from leaving the bed has been
shown to be related to α as shown in Table 3

α Speed of detection(seconds)
1 10.3
0.5 10.7
0.25 16.3
0.125 25.6
0.0675 44

Table 3: Speed of loss of bed occupancy detection for different values of filter constant
α [50].

Since higher values of of α will result in faster detections of loss of bed occupancy,
the number of false positive losses of bed occupancy is closely related to the value of
α. In order to reduce the number of false positives, whilst still keeping the number
of false negatives low, the filter constant was set to α = 0.125.
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4.3.2 Sleep Quality

As mentioned in Section 3.2, in this thesis sleep quality is defined similarly to the
concept of sleep efficiency. Sleep efficiency is defined as the total time spent in bed
compared to the amount of sleep, the difference here being disregarding sleep latency.

After collecting data for a night, the data is divided into 60 second epochs by
taking the average of the activity measured each minute. To accurately determine
the duration and times where the bed was occupied, the bed occupancy software
mentioned in 4.3.1 was used. The Cole-Kripke equation for determining if a subject
is asleep or awake for 60 second epochs is given by

D(t) = 0.001(106At−4 + 54At−3 + 58At−2 + 76At−1 + 230At + 74At+1 + 67At+2) (2)

where D(t) > 1 indicates that the subject is awake. Take into account that a subject
might leave the bed for a short while during the night, shorter periods of loss of bed
occupancy were also classified as "awake". To conform with the algorithm, in bed
time excludes the first 4 minutes and last 2 minutes of time in bed. The Cole-Kripke
algorithm, though, is defined for subjects wearing an activity monitor around their
non dominant wrist [39]. Since the BCG accelerometer is attached to the mattress
on the bed, it will not measure the same amplitude of activity as an activity monitor.
Therefore, the threshold for D will differ.

Since lone periods of low activity are expected to be recorded before the subject
falls asleep, a definition has to be made to define the moment of falling asleep. In the
ActiGraph wGT3X-BT’s software, falling asleep is defined as the beginning of the
first 10 consecutive 60 second epochs classified as sleep. To be able to compare the
results with the ActiGraph, the same definition was chosen.

Differentiating between short periods of awakenings and awakening fully is also
of importance. If the subject only awakes briefly, there is no need to wait until 10
consecutive 60 seconds epochs of sleep occurs again, since falling asleep after short
awakenings usually happens more quickly [51]. To compare with the ActiGraph here
as well, we mirror its definition, which defines the subject as being fully awake when
10 consecutive 60 second epochs are classified as awake. When such an event occurs,
the definition of falling asleep will have to be fulfilled before any additional time in
bed will count as sleep.

4.3.3 Getting out of bed estimation

From the sensor, 4 different vital signs (HR, SR, SV and HRV) and the signal strength
can be collected. In order to see how they progressed during a nights sleep, each vital
sign was divided into 60 second epochs and averaged. Each vital sign was then
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plotted and manually assessed. To accurately determine the time for which the bed
was occupied, the bed occupancy algorithm was used.

What could be assessed was that the prominent metric for when a subject is
about to get up is a rise in activity in the bed. An example of the evolvement of the
parameters measured by the sensor for a typical night can be seen below in Figure 6.
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(a) Heart rate (b) Respiratory rate

(c) Stroke volume (d) Heart rate variability

(e) Signal strength

Figure 6: Vital sign changes over a typical night.

As is seen, the parameters vary greatly throughout the night, but while still show-
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ing some patterns. The heart rate shows a downward trend during the beginning
of the night, only to increase somewhat in the early morning. The respiratory rate
does not seem to show any trend either during the beginning, middle or end of the
night. Stoke volume and heart rate variability varies a lot during the night, with
some indication of increased HRV during the end of the night. The signal strength
can be seen to increase substantially at the end of the night, right before the subject
got out of bed.

As we wish to predict if a subject is about to get out of bed, we can try to find
patterns in the data. By using a simple k-means clustering approach, using the data
for heart rate and signal strength, each minute of the night can be classified as is
shown in Figure 7 below. As is seen, the period in the beginning and the end of the
night clearly shows a pattern.

Figure 7: Classification from clustering.

4.3.3.1 Neural Network More complex similarities in the data can be harder
to notice. Logical patterns can exist without being easily seen when clustering the
data or from the evolvement of the parameters from the sensor during the night. In
order to possibly find such patterns, an approach based on artificial neural networks
was tested. From the parameters of the sensors, only HR, SS, SR, RR and RV was
used. The input layer of the net was constructed such that each node correspond to
one of the 5 parameters of the sensor. One estimation was made every 30 seconds if
the subject is about to get out of bed. With 5 parameters per second for 30 seconds,
this resulted in an input layer consisting 150 nodes. The output of the network is
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binary: 1 if the subject is about to get out of the bed, and 0 if not. To train and test
the method, 33 nights of data was used. The data was labeled by first using the bed
occupancy algorithm to find periods in bed and times of getting up. For all events
of getting out of bed, the data was labeled 1 for "about to get up" for a specified
number of minutes before these events. The rest of the data was labeled as 0.

4.3.3.2 Linear regression A different approach was conducted with inspiration
from the Cole-Kripke algorithm. When a subject is about to get up, it must first
have awoken. Awakenings is exactly what the Cole-Kripke algorithm measures. The
equation has to be somewhat modified, since the Cole-Kripke algorithm uses activity
from both before and after the specific point in time, and it is necessary to be able
to classify if the subject is about to get out of bed or not in real time. The activity
terms from ahead in time is removed from the equation and we have an equation
which looks like

D(t) = β0At−4 + β1At−3 + β2At−2 + β3At−1 + β4At (3)

where we choose D(t) > 1 as classifying that the subject is about to get out of bed.
The parameters β = (β0, β1, β2, β3, β4) then have to be decided. Since the equation is
linear in β, linear regression is a natural choice for optimizing the parameters. The
set of training and test data was the same 33 nights as used in the neural network
approach. The limit for how long before getting up is seen as "about to get up" was
varied and the size of span studied. We call this method the Linear method.

In order to improve the results from the algorithm, some post processing of the
results were made. When a subject is about to get out of bed, we expect to have
multiple positive classifications from the method during the minutes preceding this
event. Since the data will be grouped in this way, positive classifications occurring
close in time to other positive classifications should be weighed more heavily than
others. This is achieved by keeping a global score, which increases when the algorithm
classifies a moment in time as a positive result, and decreases for negative results. The
value added is D(t) and the value subtracted is 1−D(t), since we want to decrease the
global score more if the probability is calculated to be low. The score is fed through
a Sigmoid function, used as an activation function. The Sigmoid function is given by

S(x) =
1

1 + e−x
. (4)

If the score S(x) is greater than a certain value, the event is classified as 1. Lower
and higher limits are set on the global score to quicker respond to changes. We call
this method the Linear with Sigmoid, sometimes referenced as Linear + Sigmoid.
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5 Results
Below the results are presented for the different parts of this thesis. It is divided
into two parts, the first part regarding the sleep analysis subject and the second part
regarding the getting out of bed estimations. All of the plots in both parts were made
using MATLAB R2018a.

5.0.1 Collected data

To be able to ensure the functionality of the data collection system, and to generate
a dataset which could be used to train and test algorithms, data was collected during
multiple nights from several different beds and several different subject. In total, 8
different subjects where used in the data collection process, with beds differing from
twin size to king. The consumer grade activity watch together with the smartphone
app was used simultaneously as the bed sensor during 3 nights for one subject. This
comparison was quickly discarded, since the amount of data which was possible to
extract from these devices was very poor. The ActiGraph wGT3X-BT was used with
the sensor during 32 nights from 3 different subjects, of which the all the nights (in
total 12) from one subject was used in the analysis of sleep quality. In total, data
was collected for over 150 nights.

5.1 Sleep quality

Using the ActiGraph wGT3X-BT, data was recorded during 12 nights for which data
from the bed sensor also was collected. The software for the ActiGraph present the
following 3 sets of data which are of interest:

1. Time of falling asleep

2. Time of waking up

3. A score of sleep quality

For each set of data, the results are compared between the ActiGraph and the bed
sensor system. Relevant plots will be shown, and different statistical measures will
be calculated to determine the accuracy and reliability of the results.

5.1.0.1 Time of falling asleep For the 12 nights, the estimated time of falling
asleep was calculated. Compared to the ActiGraph, the results of the Cole-Kripke
implementation on the bed sensor system can be seen in Table 4.
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Measure Mean error Standard error σ√
n

Falling asleep time 8min 25sec 1min 59sec

Table 4: Statistical measures for falling asleep time

In Figure 8 below, the difference in minutes for each night is illustrated. A negative
result mean that the ActiGraph predicted a earlier time for falling asleep than the
bed sensor system.

Figure 8: Error in estimating time of falling asleep.

The bed sensor system thus predicts a later time of falling asleep than the Acti-
Graph, having 7 nights of predicting later only 3 predicting earlier. For one night the
two systems predict the exact same time.

5.1.0.2 Time of waking up The estimated time of waking up was calculated for
the 12 nights of data. The difference between the two systems are shown in Table 5.

Measure Mean error Standard error σ√
n

Time of awakening 10min 40sec 1min 34sec

Table 5: Statistical measures for time of waking up.

On average, the mean error is higher for predicting time of waking up than time
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of falling asleep. But, the standard error is lower. By looking at each night, as seen
in Figure 9, we can see why.

Figure 9: Error in estimating time of waking up.

The spread in prediction is less, most often the bed sensor system predicts the
time of waking up between 12 and 16 minutes later than the ActiGraph. The probable
reason for the errors in time of falling asleep and waking up is that the bed sensor
system seems to be more inclined to show a small period of calmness in an otherwise
mostly active part of the night and a small period of activity in an otherwise calm part
of the night. This leads resetting of the waking and falling asleep timers, resulting in
predictions for later times than the ActiGraph calculates.

5.1.0.3 Sleep quality The sleep quality measurements are dependent on the
threshold used for classifying if the subject is awake or asleep. To find the optimal
value, calculations for sleep quality for each day were made for thresholds between 1.4
and 2.0, in steps of 0.01. For each threshold, the mean absolute error for the whole
dataset was calculated. This is shown in Figure 10a. The minimum error is achieved
for a threshold of 1.62, where the mean absolute error was 0.0095. In relative terms,
this yields an average error of 1.06% in the calculated sleep quality for the bed sensor
system compared to the ActiGraph. In Figure 10b below, the sleep quality results for
both the ActiGraph and the bed sensor system is plotted for the 12 different days.
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(a) Mean absolute error for different thresh-
olds.

(b) Sleep quality for threshold=1.62.

(c) Sleep quality for the bed sensor system
plotted against the ActiGraph for thresh-
old=1.62.

Figure 10: Sleep quality comparison between the ActiGraph and the bed sensor
system for the optimal threshold value of 1.62.

As is seen, for some nights the estimations are almost equal, while for others
the estimations differ more. The night with the worst sleep, both according to the
ActiGraph and the bed sensor system, resulted in the biggest difference between the
two measurements techniques. More data would have to be collected, with both
poor and great quality of sleep, to determine if the bed sensor system yields accurate
results for sleep quality in all ranges. The correlation can visually be interpreted
by plotting the sleep quality estimates from the bed sensor system against the sleep
quality from the ActiGraph, as is shown in Figure 10c. As is seen, there is a strong
linear correlation between the two measurement techniques, as is desired.

The results from the sleep quality estimations is summarized in Table 6.
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Measure Result
Optimal threshold 1.62
Mean absolute error 0.0095
Error 1.06%
Pearson correlation coefficient 0.946

Table 6: Summarized results for sleep quality estimation.

5.2 Getting out of bed estimation

5.2.1 Neural network

The network was trained on 33 nights of data. The last 15 minutes before the subject
got out of the bed were classified as "about to get out of bed". The method produced
poor and inconsistent results, mostly in the range of 0-10% correct classification rate,
probably suffering from the small and not optimally labeled dataset. It was tried to
vary the size and the depth of the hidden layer, which did not significantly change the
classification rate. Different activation functions were tried. The Sigmoid function
was tried first, but since it has slow convergence this was thought to maybe be the
problem. Therefore, a hyperbolic tangent function was tried instead, which is less
likely to get stuck than the Sigmoid, but to no avail. To further speed up convergence,
the rectified linear unit function was finally tested as the activation function, but did
not produce any better results either. Different back propagation algorithms were
tried as well. A stochastic gradient based solver called adam was first tried, which
should work well on large datasets. To try to speed up convergence the limited-
memory Broyden–Fletcher–Goldfarb–Shanno (L-BFGS) algorithm was tried instead.
None of the optimization algorithms produced any significantly better results. The
learning rate was also changed in order to improve convergence, but the classification
rate was not impacted. Finally it was attempted to use less data from the sensor to
reduce the complexity of the problem, such as only the heart rate and signal strength,
but this also yielded poor results.

5.2.2 Linear regression

There are 3 sets parameters which are of interest to vary:

1. The number of minutes before getting up classified as "about to get up".

2. Limits for when the Linear + Sigmoid method classifies an event as either
getting up or not getting up.
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3. Maximum and minimum limits which the global score for the Linear + Sigmoid
method can attain.

To analyze the effect of changing each of these, one parameter was varied while the
rest remained constant.

5.2.2.1 Minutes before getting up The number of minutes before getting up
being classified as "about to get up" was varied between 5 and 20 minutes, with 1
minute intervals. For each interval, 100 Monte-Carlo cross validations cycles were
made and averages for accuracy, specificity and sensitivity were calculated. This
was done for both the Linear method and the Linear+Sigmoid method. For the
Linear+Sigmoid method the global limits were set as -6 and 6 and the classification
limit as 0.9. The results of this simulation can be seen below in Figure 11.

(a) Sensitivity (b) Specificity

(c) Accuracy

Figure 11: Statistical measures for different number of minutes before getting up.
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As the getting out of bed window widens, the sensitivity increases as the specificity
and the accuracy decreases. This is true for both methods, but the Linear+Sigmoid
method reacts quicker to this change. The sensitivity is lower for Linear+Sigmoid for
shorter intervals, but passes the Linear method for times greater than 10 minutes.
The opposite happens for the specificity, as it is higher for smaller intervals but
becomes lower for times greater than 15 minutes. The Linear+Sigmoid method is
thus irrefutably better in the 10-15 minute interval.

5.2.2.2 Classification limit The limit for which binary state a moment in time
would be classified as either getting out or not getting out of bed for the Lin-
ear+Sigmoid method was tested for values between 0.7 and 0.95, in steps of 0.01.
A value above the limit classifies as "about to get out of bed". For each classifica-
tion limit, 100 Monte-Carlo cross validations were made and averages for sensitivity,
specificity and accuracy were made. The time limit for labeling as "getting out of
bed" was set to 15 minutes and the limits for the global score was set as -6 and 6.
The results are shown below in Figure 12.
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(a) Sensitivity (b) Specificity

(c) Accuracy

Figure 12: Statistical measures for different classification limits for the Lin-
ear+Sigmoid method.

Here it can be seen that as the limit increases, the sensitivity becomes smaller and
the specificity and accuracy becomes greater.

5.2.2.3 Minimum and maximum limits To evaluate how the Linear+Sigmoid
method is affected by the speed of change, the maximum and minimum values the
global score were varied. A lower minimum global score would increase the time it
takes for the method to respond to positive classifications from the Linear method.
A higher maximum score would increase the time it takes for the method to respond
to negative classifications from the Linear method. The minimum limit for the value
of the global score was tested for -8,-6 and -4, and the maximum limit was tested for
4,6 and 8. The time limit for labeling as "getting up" was set to 15 minutes and the
classification limit was set as 0.9. The results can be seen in Figure 13 below.
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(a) Sensitivity (b) Specificity

(c) Accuracy

Figure 13: Statistical measures for different limits of the global score.

The sensitivity increases both as the minimum and maximum limit becomes
greater. This behavior can be seen in Figure 15a where the graph suddenly dips
down when the lower limit is decreased from -4 to -8 and the higher limit is increased.
This value, thought, is in general still greater than for the same minimum limit with
a lower maximum limit, as is seen in the figure. The opposite can be said for the
accuracy and specificity.

5.2.2.4 ROC curve By varying the classification threshold for the Linear method
we can see the relationship between the number of true and false positive classifica-
tions. This is known as a Receiver operating characteristic curve (ROC). For a ROC
curve, the greater the area under the curve the better the classification, both in
terms true and false positive rate. A straight line from 0 to 100 is what would be
achieved with random choice. The time limit for labeling as "getting out of bed" was
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set to 15 minutes, the global limits to -6 and 6 and the classification limit for the
Linear+Sigmoid method was set to 0.9. The results are shown below in Figure 14

Figure 14: ROC for Linear and Linear+Sigmoid. The yellow line represents what
would be achieved with random choice.

It can be seen that the methods respond well when the threshold is high (low false
positive rates), but stagnates as the true positive rate reaches 60-70%. Only as the
threshold becomes significantly low does the true positive rate again increase rapidly.

By plotting the sensitivity and specificity in the same graph we can find a crossover
point. At this point, we have the optimum threshold level. This can be seen below
in Figure 15 for both the Linear and the Linear+Sigmoid methods.

31



(a) Sensitivity (b) Specificity

Figure 15: Statistical measures for different classification limits for the Lin-
ear+Sigmoid method.

From the graphs we can see that the crossover point is when the classification
limit for the Linear method is set to approximately 0.6.

Choosing the time limit before classifying as "getting out of bed" as 15 min-
utes, the classification limit for the Linear+Sigmoid as 0.9 ,the global limits for Lin-
ear+Sigmoid as -6 and 6 and the classification limit for Linear method to 0.6, 1000
Monte-Carlo cross validations were made. The average sensitivity, specificity and
accuracy was then calculated for both methods. The results of this can be seen in
Table 7-8.

Measure Result
Accuracy 66.6 %
True positive rate 65.5 %
False positive rate 33.3 %
True negative rate 66.7 %
False negative rate 34.5 %

Table 7: Statistical measures for Linear method.

The Linear+Sigmoid method produces the best results, both in terms of true
and false positive rate and accuracy. Many false positives are produced with this
classification limit, meaning a stricter limit probably is more desirable.
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Measure Result
Accuracy 70.5 %
True positive rate 72.5 %
False positive rate 29.5 %
True negative rate 70.5 %
False negative rate 27.5 %

Table 8: Statistical measures for Linear+Sigmoid method.

6 Discussion
This thesis focus on the engineering of a system for collection of BCG data, actual
collection of said data from a bed sensor, and the analysis of the collected data. From
the analysis, algorithms were developed in order to estimate sleep quality and if the
subject was about to get out of bed. In total, over 150 nights of data were collected
from the system. Despite this high number of nights, there are still some limitations
present due to the amount of data.

To minimize uncertainties, data from only one subject was used to train the mod-
els. The bed occupancy algorithm will classify that a bed is occupied solely by the
vibrations the bed is subject to. A bed can therefore falsely be classified as occu-
pied, for instance when heavy construction work is being conducted nearby, or by an
especially oscillating air conditioning system. Disturbances such as these could only
be confidently be shown to be essentially non present for one subject. Measures to
reduce this uncertainty would have to be made to ensure confidence in the data, such
as having the subject write down in and out of bed times.

Problems in uncertainty overlap into other areas. Labeling of training and test
data is an issue which is hard to resolve, partly due to unknown uncertainties in
algorithms and in the collected data, and partly due to unclear definitions. The bed
occupancy algorithm was never thoroughly tested to determine its accuracy under
specific circumstances. Due to this uncertainty, only data were absolute confidence
in times for getting in and out of bed was used, here also limiting the number of
possible nights to use as training data. It is also unclear how to define the notion of
"is about to get out of bed". How and when the subject has waken up directly affects
this. Some mornings people will use an alarm clock and get up shortly after waking
up. Other mornings the subject can sleep in late and will not rush out of bed. Some
awakenings will happen suddenly in the middle of the night and the subject will arise
immediately. Finding a way to label data accurately with such continuously changing
definitions is close to impossible, which is the reason a set time before getting up was
used, since it is the most general way to define it.

Since data from only one subject was used, the algorithms will probably have to
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be slightly altered in order to be used on a different subject. The activity readings
depend partly on the subject, but in general more on the rigidness of the bed. No
normalization of the activity data was made, which possibly could have helped with
this issue. Though since everyones sleeping patterns are different, the algorithm would
preferably either way be retrained for each new subject.

In order to determine the correctness of the sleep quality estimations, the results
were compared to the ActiGraph activity monitor. While it is often used in research
studies, the ActiGraph’s measurements are not an objective truth. To better deter-
mine the accuracy of the methods developed in this thesis, comparisons with a PSG
would be ideal. The cost and complexity of a PSG though makes this impractical.
Before any sort of professional or commercial use of the methods developed here, such
a comparison between systems would be desired.

The bed sensor calculates heart rate, breathing rate and a few other parameters,
but in the end only the activity measurement was used for and the sleep quality
assessment. As mentioned in Section 2.2, there is evidence that it is possible to
quite accurately determine sleep and wake periods by using the subjects heart rate.
A future improvement on the revised Cole-Kripke algorithm implementation in this
thesis is possibly look at how the heart rate changes throughout the night as well.
The other vital signs could possibly also be used, but since the confidence in their
values are lower, heart rate is probably the preferable next choice of study.

7 Conclusion
A system was developed for receiving and storing data from a sensor which calculates
vital signs of a subject based on ballistocardiographical acceleration data. The data
was sent via Wi-Fi from the sensor to a server on a Raspberry Pi and stored in a
MySQL database.

An algorithm for estimating quality of sleep based on data from the sensor in ques-
tion was compared against a professional grade activity monitor, and demonstrated
similar results. Improvements can be done here when it comes to estimating time of
falling asleep and waking up, and training the model on more data.

Methods for estimating if a subject is about to leave an occupied bed or not were
developed. First, a neural network approach was attempted, which showed poor re-
sults, likely do to the small dataset. A different approach, based on a linear equation
of activity readings for the last 5 minutes and optimized through linear regression,
displayed promising results. Also here the results could be improved by collecting
more data. The data used in this thesis was collected only from a single subject,
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which introduces bias. A future improvement would be to collect data from several
different subjects under different conditions, and see if the methods presented in this
thesis can be generalized.
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