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Abstract
Sleep deprivation has various adverse psychological and physiological effects. The effects
range from decreased vigilance causing an increased risk of e.g. traffic accidents to a decreased
immune response causing an increased risk of falling ill. Prevalence of the most common sleep
disorder, insomnia can be, depending on the study, as high as 30 % in adult population.
Physiological information measured unobtrusively during sleep can be used to assess the
quantity and the quality of sleep by detecting sleeping patterns and possible sleep disorders.
The parameters derived from the signals measured with unobtrusive sensors may include all or
some of the following: heartbeat intervals, respiration cycle lengths, and movements. The
information can be used in wellness applications that include self-monitoring of the sleep
quality or it can also be used for the screening of sleep disorders and in following-up of the
effect of a medical treatment. Unobtrusive sensors do not cause excessive discomfort or
inconvenience to the user and are thus suitable for long-term monitoring. Even though the
monitoring itself does not solve the sleeping problems, it can encourage the users to pay more
attention on their sleep.
While unobtrusive sensors are convenient to use, their common drawback is that the quality of
the signals they produce is not as good as with conventional measurement methods. Movement
artifacts, for example, can make the detection of the heartbeat intervals and respiration
impossible. The accuracy and the availability of the physiological information extracted from
the signals however depend on the measurement principle and the signal analysis methods used.
i
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Three different measurement systems were constructed in the studies included in the thesis and
signal processing methods were developed for detecting heartbeat intervals and respiration
cycle lengths from the measured signals. The performance of the measurement systems and the
signal analysis methods were evaluated separately for each system with healthy young adult
subjects. The detection of physiological information with the three systems was based on the
measurement of ballistocardiographic and respiration movement signals with force sensors
placed under the bedposts, the measurement of electrocardiographic (ECG) signal with textile
electrodes attached to the bed sheet, and the measurement of the ECG signal with non-contact
capacitive electrodes. Combining the information produced by different measurement methods
for improving the detection performance was also tested.
From the evaluated methods, the most accurate heartbeat interval information was obtained
with contact electrodes attached to the bed sheet. The same method also provided the highest
heart rate detection coverage. This monitoring method, however, has a limitation that it
requires a naked upper body, which is not necessarily acceptable for everyone. For respiration
cycle length detection, better results were achieved by using signals recorded with force
sensors placed under a bedpost than when extracting the respiration information from the ECG
signal recorded with textile bed sheet electrodes. From the data quality point of view, an ideal
night-time physiological monitoring system would include a contact ECG measurement for the
heart rate monitoring and force sensors for the respiration monitoring. The force sensor signals
could also be used for movement detection.
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1 Introduction
We sleep roughly one third of our lives. The amount and the quality of sleep strongly affect our
performance during the other two thirds. Everyone knows from their own experience how
physical and mental performance is decreased after a badly slept night. Adequate amount of
good quality sleep is needed for several bodily functions. The fundamental reason why we sleep
is, however, still not completely understood. Theories suggest that sleep is needed to restore
the energy balance in the brain (Scharf et al., 2008) and to conserve the total energy
expenditure of the body (Mignot, 2008). Sleep also has an important role in learning and
improvement of motor performance, since newly experienced things convert as memories
during sleep (Hill et al., 2008; Stickgold, 2005).
Sleep deprivation or sleep loss has a variety of adverse physiological and mental effects such as
decreased vigilance (Lim and Dinges, 2008), increased fatigue and stress (Dinges et al., 1997),
mood disturbances (Kahn-Greene et al., 2006; Kamphuis et al., 2012), disturbed
thermoregulation (Romeijn et al., 2012), and decreased cognitive performance (Alhola and
Polo-Kantola, 2007; Harrison and Horne, 2000). Sleep deprivation has also been associated
with interferences in metabolic function causing an increased risk of obesity and type 2 diabetes
(Knutson and Van Cauter, 2008). The amount of sleep also affects to the immunity system and
smaller amount of sleep or poorer sleep efficiency has been shown to expose to viral infections
(Cohen et al., 2009; Irwin et al., 1996; Patel et al., 2012).
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Monitoring of sleep and assessing sleep quality could be used to motivate people to pay more
attention to their sleeping habits. For this purpose, continuous long-term monitoring that
enables observing sleep trends and illustrates the effects of good sleep understandably is
desirable. However, in order to be accepted by the users, the monitoring technology needs to
be minimally obtrusive and require as little additional effort from the user as possible. Other
possible applications for long-term night-time physiological monitoring include the screening of
sleeping disorders, follow-up of the effects of sleep disorder treatment, elderly monitoring in
nursing homes, and monitoring of newborns.
In order to give maximum value to the user, whether the user is the person being monitored or
a sleep physician, the data provided by the monitoring system should be as accurate as possible
and there should be as few temporal gaps or breaks in the data as possible. In many
applications, the measured physiological information about the heart rate or respiration rate is
further refined to some higher level information such as sleep phases or sleep quality
information before shown to the user. The user is primarily interested in the correctness of the
provided information. The uncertainty in the initial data is, however, inevitably reflected in the
uncertainty of the end results. The correctness of the data is particularly important aspect in the
medical screening or follow-up application areas.
The thesis combines and compares the results of five research papers that present measurement
systems and signal processing methods for monitoring night-time physiological signals and
deriving heartbeat interval and respiration cycle length information from them. Measurement
systems of three different kind were constructed and used for recording the physiological
signals. The constructed systems are based on the measurement of ballistocardiographic (BCG)
and respiration signals with force sensors placed under the bedposts, the measurement of
electrocardiographic (ECG) signal using textile electrodes that are attached to the bed sheet
and the measurement of ECG signal with non-contact capacitive electrodes.

1.1 Objectives and contribution of the thesis
The main objective of the thesis is to evaluate and compare the aforementioned techniques for
unobtrusive monitoring of physiological signals during sleep. A large part of the contribution of
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the thesis are the developed signal processing methods, which are partially different for each
monitoring technique.
The following research questions are studied in the thesis:
1. What kind of unobtrusive measurement principles and sensor setups are suitable for
unobtrusive monitoring of heart rate and respiration rate and what limitations do the
methods have?
2. What specific requirements do the investigated sensing methods set for the signal
processing algorithms used for extracting the heart rate and the respiration information
from the measurement data?
3. How do the developed monitoring methods perform in the detection of the
physiological parameters and are there noticeable differences in their performances?
4. What kind of a measurement system would suit best for unobtrusive respiration and
heart rate detection?
The scientific contributions of the thesis are:
the developed unobtrusive bed-integrated measurement systems,
the signal processing algorithms developed for the detection of heartbeat intervals from
the ballistocardiographic and electrocardiographic signals,
the signal processing algorithms developed for the detection of respiration cycle lengths
from the force sensor and electrocardiographic signals.

1.2 Structure of the thesis
The thesis is structured as follows: Chapter 2 provides the background for the presented work.
It briefly revises the applications of the night-time physiological monitoring and presents
previously developed methods for collecting this information focusing on the unobtrusive
techniques that are suitable for long-term monitoring. Chapter 3 presents the measurement
systems developed and used in the studies of Publications I – V and the signal processing
techniques developed for extracting physiological information from the measured data. Chapter
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4 presents the results obtained with the measurement systems and discusses the findings of the
thesis. Chapter 5 presents the conclusions and gives answers to the research questions.

2 Background
This chapter briefly revises the most important and interesting applications for the night-time
physiological monitoring and presents the most common methods for collecting the night-time
physiological information. The focus is on unobtrusive monitoring techniques that are suitable
for long-term monitoring and especially in the methods similar to those presented in
Publications I – V. The state-of-the-art in the signal analysis methods developed for detecting
the heart rate and respiration rate from the signals of unobtrusive sensors is also presented.

2.1 Applications of unobtrusive night-time physiological monitoring
Automatic monitoring of night-time physiological information, especially the heart rate,
respiration rate, and movements can be used for several purposes. An important application is
the classification of sleep stages or phases, which further enables the assessment of sleep
quantity and quality. Traditionally, sleep is classified into different phases using the data from a
polysomnographic recording i.e. polysomnography (PSG). This classification is called sleep
staging and the resulting graph that shows sleep stages as a function of time is called
hypnogram. PSG is briefly introduced in Section 2.2.1. According to the currently used rules,
sleep is divided into five stages, one of which is awake. The actual sleep time consists of REM
(rapid eye movement) sleep and NREM (non-rapid eye movement) sleep. The latter is further
divided into three stages (N1, N2, N3) according to the depth of the sleep, N3 being the
deepest sleep stage (Iber et al., 2007).
5
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The sleep stages have been defined mainly according to the features present in the
electroencephalographic (EEG) signals that result from the electrical activity of brain. Also
electro-oculographic (EOG) and electromyographic (EMG) activity from eyes and muscles are
used in sleep staging (Iber et al., 2007). None of these signals is available when using
unobtrusive sensors for the measurement. The sleep stages can, however, be estimated by using
the heart rate, respiration rate and movement information, which all can be collected using
unobtrusive sensors (Choi et al., 2009; Chung et al., 2009; Kortelainen et al., 2010; Paalasmaa
et al., 2012). This information can be further used to evaluate the quality of sleep as in
(Paalasmaa et al., 2012). The information about the quality and the quantity of sleep measured
unobtrusively can be used in self-monitoring applications to give the user feedback and to
encourage the user to pay more attention to the importance of sleep (Paalasmaa 2014a).
Another application domain for unobtrusive night-time physiological monitoring methods is the
screening of medical disorders. Currently, the unobtrusive methods are not yet widely adopted
for this application domain but there is research evidence supporting their usage. For example,
signals measured with unobtrusive sensors have been used to detect sleep related breathing
disorders. Examples include the screening of sleep apnoea (Ayas et al., 2003; Roche et al.,
1999) and also other types of sleep disordered breathing (Alametsä et al., 2006; Tenhunen et
al., 2011). Tenhunen et al. showed that the increase in respiration effort can be detected with a
force sensor placed under the thoracic area of a sleeping person (Tenhunen et al., 2011). In
(Beattie et al., 2013) the apnea-hypopnea index was estimated with high accuracy using loadcell type bedpost sensors. Psychophysiological stress can be estimated from the night-time
heart rate variability (HRV) information (Hall et al., 2004) and also atrial fibrillations have been
detected using BCG signals (Brüser et al., 2013a). Information received by sleep staging, e.g.
sleep onset latency can be further used in the screening of insomnias, which form the most
prevalent group of sleep disorders affecting even as much as 30 % of adult population (Ohayon
and Bader, 2010a; Ohayon and Sagales, 2010b). Unobtrusive bed integrated force sensors have
also been successfully used for the detection of periodic limb movements, which is another
prevalent sleep disorder (Rauhala, 2009).
All in all, the unobtrusive sensors and measurement systems enable longitudinal monitoring of
sleep without causing discomfort to the user and therefore provide completely new aspects for
sleep research.
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2.2 Monitoring methods
This section presents different measurement methods that are suitable for unobtrusive nighttime monitoring. The gold standard methods currently used for medical examination and
diagnosis, polysomnography and wrist actigraphy, are introduced first.
2.2.1 Polysomnography
PSG is the standard method for collecting reliable and multiparametric data from a sleeping
person and it is considered as the gold standard in sleep measurements. It can be used in the
diagnosis of various medical disorders such as: sleep related breathing disorders, other
respiratory disorders, narcolepsy, parasomnias, sleep related seizure disorders, restless legs
syndrome, periodic limb movement sleep disorder, depression with insomnia, and circadian
rhythm sleep disorders (Kushida et al., 2005). The biggest drawback of the polysomnographic
examination is its high cost, which is a result of the requirement of specialized medical
personnel and dedicated examination facilities. As a result, all the potential sleep disorder
patients are, in practice, not examined and the monitoring is usually done during one night
only. The discomfort caused by wearing the measurement equipment may also affect the sleep
and skew the results. The signals or channels commonly measured and the sensors commonly
used in full PSG recording include at least: three to six EEG channels, two EOG channels, one
chin and one or more limb EMG channels, one or two airflow channels with temperature
and/or flow pressure sensors, two respiration effort channels with respiratory inductance
plethysmography sensors, microphone as snoring sensor, an ECG channel, blood oxygen
saturation sensor, and body position sensor (Iber et al., 2007; Kushida et al., 2005).
In ambulatory PSG, a portable polysomnographic recording device is used. Most of the sensors
are installed at the hospital but the patient spends the night at home and installs the rest of the
sensor before going to bed (Leivo, 2007). This may be a more comfortable arrangement for
some people but still does not remove the burden of wearing the multitude of sensors while in
bed and does not enable a practical monitoring of more than one night. The reliability of the
recording is also decreased when it is performed in unattended conditions (Gagnadoux et al.,
2002; Portier et al., 2000).
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Simpler portable sleep monitoring devices also exist. They can be used for recording of a
subset of the physiological parameters of the full polysomnography. An example of such a
device is WatchPAT from Itamar Medical (WatchPAT), which is able to detect obstructive
sleep apnoea (OSA) events from the signals recorded only from the wrist. Unattended use of
portable monitors of this kind for making clinical diagnosis of OSA, for instance, is still
questioned (Collop et al., 2007).
2.2.2 Wrist actigraphy
Wrist actigraphy is another examination technique used for medical sleep analysis. It can be
used in a variety of sleep studies including longitudinal monitoring of sleep patterns and
circadian rhythm in the natural sleeping environment of the patient (Martin and Hakim, 2011).
As the name implies, wrist actigraphy monitors patient’s activity through a wrist-worn device
using accelerometers. The benefit is that the device is relatively unobtrusive and the data can
therefore be collected for extended periods of time, e.g. for one week. According to the
recommendations of the American Association of Sleep Medicine, wrist actigraphy can be used
in monitoring of several sleep disorders that are related to sleep rhythm (Morgenthaler et al.,
2007). Still, it only offers one modality of information, activity, which limits its usability and
the achievable accuracy of the results. For example, it is difficult to differentiate sleep from
lying still in the bed and wrist actigraphy has been reported to overestimate the amount of sleep
and sleep efficiency (Pollak et al., 2001).
2.2.3 Ballistocardiography
Ballistocardiography measures the mechanical signal caused by the cardiac activity. The main
components of the BCG signal result from the movement of blood in the heart and in aorta.
BCG was discovered in the late 19th century and developed during the first half of the 20th
century to be used as a tool to analyze cardiac function (Pinheiro et al., 2010). Cardiac analysis
through ECG recordings and other techniques such as ultrasound, however, displaced the BCG
as a diagnostic tool by the end of the 1970s (Giovangrandi et al., 2011).
Another application area for BCG recordings has been night-time monitoring of physiological
signals. In these applications, the interest is in the detection of heartbeat intervals instead of the
exact waveform of the BCG signal. Already in late 70’s Alihanka et al. developed a method of
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using a static charge sensitive bed (SCSB) for measuring the physiological parameters of a
person during sleep (Alihanka et al., 1981). The lack of powerful automated signal analysis
methods however led to the diminishing of the interest towards night-time BCG monitoring for
almost a couple of decades. Later, the development of technology, especially the signal analysis
methods and an increase in computation power, has brought new interest towards
ballistocardiography especially in the area of unobtrusive night-time physiological monitoring.
In the original applications that were aiming for the evaluation of the cardiac function, the
exact waveform of the ballistocardiographic signal was important and therefore the
measurement setup had to be strictly controlled (Scarborough et al., 1956). In long-term nighttime monitoring, the measurement conditions cannot be controlled because the person being
monitored has to have a possibility to e.g. change the sleeping posture. Therefore, the
measured waveforms are usually not consistent with the textbook examples of BCG signals.
The measurements made with bed integrated sensors are still commonly called as
ballistocardiography. An alternative and more general term for these measurements is
ballistography, but it is rarely used. It was, however, applied in Publication III to emphasize
that not only cardiac but also respiration related information was extracted from the measured
signals.
There are several possibilities for the placement of the BCG sensors to the bed. They can be
installed under the bedposts (Brink et al., 2006; Kärki and Lekkala 2009; Mack et al., 2009a;
Publication II), to the bed frame (Brüser et al., 2011), on top of the mattress (Jacobs et al.,
2004; Niizeki et al., 2005; Paalasmaa 2014b; Siivola, 1989), or under the pillow (Chen et al.,
2008). Also special mattresses with integrated sensors have been developed (Alihanka et al.,
1981; Chee et al., 2005; Kortelainen et al., 2010). Sensor location has an effect on how
different physiological signals are coupled to the sensors and how the signals produced by
another person possibly sleeping in the same bed affect the measurement. For example, the
sensors located under the bedposts are more prone to interferences caused by the movements
of another person than the sensors located right under the person being monitored (Paalasmaa
2014a). Also the structure of the bed has an effect on the coupling of the signals.
A large variation in the operational principles of the developed ballistocardiographic sensors
also exists. Film type sensors made of piezoelectric polymer, polyvinylidene fluoride (PVDF)
have been used in (Jacobs et al., 2004; Kortelainen et al., 2012; Niizeki et al., 2005; Paalasmaa
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et al., 2014b; Wang et al., 2003). Another film type force sensor material, permanently charged
electret polymer material EMFi (Electro Mechanical Film), has been used in (Alametsä et al.,
2006; Brüser et al., 2013b; Kortelainen et al., 2010; Publication II). Bedpost sensors based on
the optical detection of beam deflection were used in (Brink et al., 2006) and strain gauges
attached to a slat under the mattress were used in (Brüser et al., 2011). Sensor structures
consisting of a mat or tubes filled either with water or air have been used in (Chee et al., 2005;
Chen et al., 2008; Rosales et al., 2012; Tanaka et al., 2002). Yet another type of sensor for
ballistocardiographic recording has been proposed in (Böhm et al., 2013). It is comprised of
light emitting diodes and a photo detector located inside the mattress topper. The
ballistocardiographic movements alter the amount of light scattered back to the photo detector.
A similar system, but using the modulation of ultrasound, was proposed in (Mukai et al.,
2009).
There are some commercially available products in the market that use ballistocardiographic
signals for monitoring sleep. These include e.g. Emfit IP-9150 non-contact vital signs monitor
by EMFit Ltd. (EMFit), Beddit sleep tracker by Beddit Ltd (Beddit), and Touch-free Life
Care™ smart bed sensor by BAM Labs Inc (BAM Labs).
2.2.4 Unobtrusive monitoring of the electrical activity of the heart
Another researched method for obtaining physiological information from a sleeping person is to
measure the electrical signal of the heart, the ECG. While attaching conventional disposable
ECG electrodes containing adhesives to the body every night is beyond being unobtrusive,
other possible monitoring techniques include using wearable monitoring systems with reusable
textile electrodes, attaching the electrodes to the bed sheet, or using capacitively coupled noncontact electrodes placed on top of the mattress.
ECG monitoring with wearable sensors
Slightly less obtrusive technique than attaching conventional adhesive electrodes to the body
every night is to use a vest or shirt that includes the electrodes and also carries the
measurement device as in (Yang et al., 2009). Such system was also tested in (Vehkaoja et al.,
2012). A regular heart rate belt is another option to be used as the platform for wearable
sensors. Choi and Jiang combined the measurement of wearable ECG and respiration in a
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measurement belt that included textile electrodes and a force sensor made of piezoelectric
PVDF material (Choi and Jiang, 2008). For many users, wearable devices are, however, too
disturbing to be used continuously, especially if the person does not have any special
motivation to do so, such as the screening of medical disorder or follow-up of the effect of a
treatment.
Contact electrodes embedded into the bed
An unobtrusive way of recording a contact ECG signal is to attach the electrodes to the bed. A
system using two large area textile electrodes, one acting also as the pillow case and the other
covering the foot of the bed was presented in (Devot et al., 2007). Similar electrode setup was
used in (Ishijima, 1997). Park et al. also used pillow and foot electrodes but they added another
two large electrode areas to both sides of the bed providing another ECG channel (Park et al.,
2008). The measurement setup proposed in Publications I and III has eight textile electrodes
attached transversally to the bed sheet. The drawback of this approach is that in order to have a
galvanic contact between the electrodes and the skin, the user cannot wear a shirt or pajamas.
There is no such requirement with the approach proposed by Devot et al. and Ishijima but in
their systems the pillow always has to be used under the head and having hair between the
electrode and the skin may block the galvanic contact and disturb the signals.
Capacitive electrodes embedded into the bed
Capacitive electrodes do not have a galvanic contact with the skin. Their benefit is that the
electrodes can be designed so that the user can wear clothes. The drawback of the capacitive
electrodes is that they are very sensitive to the motion artifacts because the skin-electrode
capacitance varies due to movements, which together with triboelectricity may cause strong
interferences to the signals. For these reasons, the capacitive electrodes are not commonly used
in applications where a large amount of movement is present, although a capacitive heart rate
monitoring has been successfully applied to a car seat (Wartzek et al., 2011). The amount of
movements is limited during sleep and therefore capacitive electrodes provide an interesting
possibility for night-time heart rate monitoring.
Systems using capacitive electrodes in the measurement of a night-time ECG signal have been
proposed in (Ishida et al., 2007; Lim et al., 2007; Publication V; Wu and Zhang, 2008). Large
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area capacitive textile electrodes measuring one ECG channel were used in the studies by
Ishida et al. and Wu and Zhang. The systems presented in (Lim et al., 2007 and Publication V)
included several small area active electrodes placed transversally in the bed. The same electrode
setup as used in (Lim et al., 2007) was also successfully used for the detection of sleeping
postures in (Lee et al., 2013). The system proposed by Ishijima included, besides contact
electrode ECG monitoring, also large area capacitive electrodes under the body for measuring
the movements caused by respiration through the changes in the capacitances between the
electrodes and the body (Ishijima, 1997).
2.2.5 Other techniques
The thesis focuses on the evaluation and comparison of the developed monitoring systems that
are based on the aforementioned monitoring techniques; ballistocardiography and
electrocardiography with contact and capacitive electrodes. There are also other possible
methods for unobtrusive night-time physiological monitoring.
Microwave radar
Microwave radars have been used for measuring respiration and heart rate (Droitcour, 2006;
Xiaomeng et al., 2012; Zakrzewski et al., 2012). An Irish company Biancamed, a part of
ResMed Inc. has a product SleepMinder, which uses microwave radar in the detection of
respiration and further, analysis of sleep quality. The device is also able to detect periods of
sleep disordered breathing and estimate the apnoea-hypopnoea index (Zaffaroni et al., 2013).
The principle of operation of the microwave radars is based on the Doppler phenomenon.
Infra-red and video imaging
Respiration can also be detected by an infra-red video imaging and monitoring the changes of
temperature near nostrils caused by inhaling and exhaling (Abbas et al., 2011; Murthy et al.,
2004). Respiration detection using normal visible light and near infra-red video imaging has
also been studied (Bartula et al., 2013).
Accelerometers
In addition to wrist worn actigraphy devices, accelerometers have also been utilized in other
ways for night-time physiological monitoring. Phan et al. studied the measurement of
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respiratory waveform and heart rate using an accelerometer attached to the chest of a person
(Phan et al., 2008). Also other studies of using wearable accelerometer for heart rate detection
have been reported and the technique is able to provide sporadic heart rate readings also during
day time activities (Kwon et al., 2011). The signal recorded by an accelerometer attached to
the chest has been called seismocardiogram. The main origin of the measured signal is the
physical contraction of the heart muscle rather than from the movement of the blood as in
ballistocardiography.
The accelerometer does not necessarily need to be worn for detecting a heart rate during sleep.
An accelerometer placed inside the duvet was used in (Okada et al., 2006). Woodward et al.
used accelerometers placed into the mattress topper (Woodward et al., 2007). They called the
method as kinetocardiogram. Murata Ltd. has recently introduced a module that includes their
low noise inclinometer and embedded digital signal processor for extracting heart and
respiration rate when the module is placed under the mattress toper (Murata). In this case the
accelerometer measures the vibrations of the bed caused by the BCG force and changes in the
inclination of the sensor caused by the respiration movements. Besides these examples, using
bed integrated accelerometers for night-time heart rate monitoring has not been extensively
reported. A probable reason for this is that the acceleration signal caused by heartbeats is weak
and the measurement therefore requires very low noise accelerometer to be used. Also the
structure and the mass of the bed affect how strong acceleration the ballistocardiographic
forces cause to the bed.
Sleep Cycle Alarm Clock is an iPhone application that uses the accelerometer of the mobile
device to estimate the depth of sleep and adjusts the actual time of the wake-up alarm within a
time window based on the estimated sleep depth. The alarm is triggered when the movements
of the person become stronger and more frequent showing a lighter phase of sleep (Sleep
Cycle). Similar application, Sleep as Android, is available for the Android devices (Sleep as
Android). Also other such applications exit. The smartphone applications may also take an
advantage of using the microphone of the device for recording respiration sounds and snoring
(Hao et al., 2013; Krejcar et al., 2011).
Besides the actigraphy devices intended for medical investigations, a number of wrist-worn
devices that use accelerometers for sleep evaluation have also been developed for wellness
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sector. These include for example Fitbit Flex, Jawbone UP, and SleepTracker (Kelly et al.,
2012). Two former ones are also intended for daytime activity monitoring.

2.3 Algorithms for heartbeat interval and respiration cycle length detection
This section presents the background and the state-of-the-art of the signal processing
techniques developed for detecting the heart rate or the heartbeat intervals and the respiration
cycles from the BCG and the ECG signals. There are two different strategies for the detection
of these parameters. One can detect the average value of the heart or the respiration rate over a
certain time period, for example one epoch of sleep analysis, or one can try to detect individual
events i.e. every heartbeat or respiration cycle. The latter approach is generally more
demanding and requires more sophisticated signal analysis methods.
In the applications of night-time monitoring, there is usually no need for on-line signal analysis,
especially when the person being monitored is using or reviewing the data him- or herself.
Exceptions are e.g. monitoring of people suffering from dementia where an important
application could be the detection of the person leaving the bed, or monitoring of a newborn
for detecting possible signs of a sudden infant death syndrome. If it is desired that the results of
the overnight sleep are ready as soon as possible after the awakening, the data can be
processed in smaller batches and each batch can be processed as off-line data. All signal
processing techniques presented in the thesis have been developed for off-line use.
2.3.1 Heartbeat interval detection
Algorithms for ballistocardiogram based heartbeat interval detection
Various signal processing techniques have been developed to detect beat-to-beat intervals from
BCG signals. Difficulty in ballistocardiogram based heartbeat detection is that the signal
waveform varies substantially between the subjects and also depends on the measurement
conditions, e.g. the bed, the sleeping posture, and the location of the person in the bed. The
signal waveform, however, stays fairly constant when all the aforementioned conditions remain
constant. For these reason, any predefined waveform should not be looked from the signal
when trying to detect the heartbeats but rather recognize repeating patterns in the signal.
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Figure 1 shows examples of different BCG waveforms recorded from different subjects and
postures with a film type force sensor placed under a bedpost.

Figure 1. Examples of different BCG waveforms. The figure is adopted from Publication II.

Clustering of feature vectors formed from the morphology of the measured BCG signal to form
a template for heartbeat detection has been used in (Brüser et al., 2011; Paalasmaa and Ranta,
2008; Paalasmaa et al., 2014b; Rosales et al., 2012). The templates were further used in
(Brüser et al., 2011 and Paalasmaa et al., 2014b) as a part of a multi-phase beat-to-beat interval
detection process. In (Paalasmaa 2014b) beat-to-beat intervals were searched by constructing a
synthetic signal that includes two heartbeats based on the template and evaluating its
correlation with the measured BCG signal. In (Brüser et al., 2011), three indicators were
calculated and used together to find the heartbeats. The template found by clustering was used
to find the heartbeats by cross correlation. This was combined with the calculation of the
Euclidean distance between the feature vectors formed from the BCG signal and the cluster
center, and heartbeat locations suggested by the so called heart valve signal.
Brüser et al. have also published another method for inter-beat interval detection where they
used a sliding search window and the results of autocorrelation, average magnitude difference
function, and maximum amplitude pair as probabilistic estimators of the heartbeat interval
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(Brüser et al., 2013b). The methods developed by Brüser et al. and Paalasmaa et al. can be
considered as the state-of-the-art in beat-to-beat interval detection from a single channel BCG
signal.
Other, simpler methods for beat-to-beat heart rate detection have included e.g. using of
wavelet decomposition for signal preprocessing as in (Jin et al., 2009; Wang et al., 2003; Zhu
2006). Wang et al. used wavelet decomposition in preprocessing the BCG signal and a
smoothed square of a certain wavelet component to highlight the heartbeat complexes, which
were then recognized by adaptive thresholding (Wang et al., 2003).
Brink et al. used a moving window with variable length to detect the highest peaks with
suitable distance in the signal (Brink et al., 2006). A method for beat-to-beat interval detection
based on k-means clustering was proposed in (Rosales et al., 2012). In (Friedrich et al., 2010)
heartbeat intervals were first detected using heart valve signal, modeled beat-to-beat interval
trend, and a stochastic HRV model. The estimates were then further refined by using
correlation. Cross-correlation between a heartbeat template and the BCG signal recorded with
SCSB sensor was used already in (Jansen et al., 1991).
An interesting method for heartbeat detection from multiple BCG signals was proposed in
(Kortelainen et al., 2007). The method is based on using a signal cepstrum, which is the inverse
Fourier transforms of the logarithm of the estimated spectrum of the signal. Heartbeat
frequency and its harmonics form a peak into the cepstrum at the time point that corresponds
to the time interval of two heartbeats. Kortelainen et al. also used averaging of multiple
measurement channels in order to reduce the variance of the cepstra and to improve the
accuracy of the method. A multichannel extension of the method proposed in (Brüser et al.,
2013b) was compared with Kortelainen’s method in (Brüser et al., 2015). Using the multiple
channels of BCG data significantly improved the performance of Brüser’s algorithm by
increasing both, the detection coverage and the accuracy of the beat-to-beat interval detection.
The multichannel version of Brüser’s algorithm was showing similar coverage but smaller error
than Kortelainen’s algorithm.
Heart rate detection from the electrocardiogram
The analysis of ECG signals has been under a lot of research for several decades because of its
clinical importance. The detection of the R-peak or the QRS complex from the ECG signal is
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one of the most basic tasks in automated ECG analysis and it serves as a basis for the detection
of other ECG waveforms. A huge variety of different methods have been developed for the
detection of the QRS complexes in the ECG signal (Elgendi et al., 2014; Kohler et al., 2002).
The developed methods include for example the use of signal derivative, filters, and adaptive
thresholds (Elgendi, 2013; Pan and Tomkins, 1985), hidden Markov models (Andreão et al.,
2006), wavelet decomposition (Park et al., 2008; Zidelmal et al., 2012), neural networks
(Maglaveras et al., 1998), or a combination of the previous two (Abibullaev and Seo, 2011).
Many authors have, besides robustness, also emphasized the computational simplicity when
developing methods for the QRS detection (Darrington, 2006; Elgendi, 2013; Pan and
Tompkins, 1985; Yeh and Wang, 2008; Zhengzhong et al. 2011). One of the most well-known
database for testing the performance of the developed QRS detection algorithms is MIT-BIH
Arrhythmia Database (Moody and Mark, 2001), which is available through Physionet database
archive (Goldberger et al., 2000). A large number of other ECG databases are also available
through Physionet (Physionet).
The aforementioned R-peak detection methods have been usually developed for signals
recorded with regular, e.g. disposable Ag/AgCl gel electrodes but the same algorithms can be
used to detect heart rate from signals recorded with unobtrusive bed integrated textile or
capacitive electrodes. However, the quality of the ECG signals acquired with textile or
capacitive electrodes is often not as good as what is achieved with gel electrodes. The noise
level in the signals is usually higher due to the properties the skin-electrode interface (e.g. lack
of electrolyte in case of the textile electrodes). The measurement lead varies according to the
sleeping posture, which changes the appearance of the recorded signal affecting also to the
polarity and the morphology of the QRS complex. These issues need to be taken into account
when designing or selecting an algorithm for the R-peak detection. If the measurement system
includes multiple measurement channels from which the best one is preferably used for the
heart rate detection, the signal quality assessment and channel selection should also be done
carefully. Another possibility is to detect the heartbeats from all the channels and combine the
results. In both cases the computational complexity of the QRS detection algorithm should be
considered when selecting the algorithm.

18

2 Background

2.3.2 Respiration cycle length detection
Detection of the respiration cycle length from a force sensor signal
Many authors who have developed ballistocardiographic methods for the detection of nighttime physiological parameters have developed, besides heartbeat detection, also methods for
respiration rate (RR) or respiration cycle length (RCL) detection from the same signals.
Paalasmaa et al. used multiple band-pass filters with different cut-off frequencies for filtering
the signal measured with a piezo-electric bedpost sensor and then calculated the RCLs using
the output of the filter that produced the breathing signal with the most consistent amplitude
(Paalasmaa et al., 2011). Wang et al. used a single component of the wavelet transformed force
sensor signal and an adaptive threshold to count the breathing cycles (Wang et al., 2003).
Signal preprocessing with wavelet decomposition was also used in (Zhu 2006 and Chen et al.,
2008). Shin et al. used autocorrelation to compute the mean respiration rate in 30 second
epochs (Shin et al., 2010). Force signal preprocessing by principal component analysis was
used in (Kortelainen et al., 2012). The first principal component of the signals of eight sensor
channels was used in their study for the respiration detection.
Detection of the respiration cycle length from the ECG signal
Breathing rate can also be detected from the ECG signal. The signals produced using the ECG
to resemble respiration are usually called ECG derived respiration (EDR) signals. One
commonly used respiration related feature in the ECG is the respiratory sinus arrhythmia
(RSA), which is caused by the autonomous nervous system’s (ANS) regulation of sinoatrial
node of the heart (Berntson et al., 1993). Several other features can be derived from the
physical modulation of the direction of the mean electrical axis of the heart due to filling and
emptying of the lungs (Moody et al., 1985). This effectively modulates the morphology of the
QRS complexes and affects to the baseline of the measured ECG signal. The respiration related
features that have been derived from this physical modulation and used for respiration detection
include ECG baseline changes, the amplitude of the R-peak, R-S-amplitude, area of the QRS
complex, and the kurtosis of the distribution of ECG signal sample values between consecutive
R-peaks (Boyle et al., 2009; Ding et al., 2004; O’Brien and Heneghan, 2007, Park et al., 2008;
Widjaja et al., 2010).
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Orphanidou et al. used the power density spectrum of the R-R-interval (RRI) signal to find the
frequency of the RSA and combined that with the spectrum of the signal formed using R-peak
amplitudes (Orphanidou et al., 2013). They used the method for estimating the average
respiration rate in one minute time windows. The same EDR signals were used in (Cysarz et
al., 2008) to calculate the mean respiration rate in 5 minute epochs. Avci et al. evaluated the
performance of six different ECG based respiration detection methods in average and
instantaneous respiration cycle length detection. From the evaluated methods, a combination of
the RSA signal and ECG baseline signal band-pass filtered with 0.2 Hz–0.8 Hz performed the
best (Avci et al., 2011). The same conclusion was drawn by Boyle et al. when evaluating
methods for ECG based respiration detection during several daily activities (Boyle et al.,
2009).
From the aforementioned studies, the one conducted by Park et al. is the only one that used
electrodes attached to the bed. They, however, used a controlled setup where the person was
lying only in the supine position. The other authors have used electrodes that have been fixed
to certain locations on the body. Therefore the proposed methods do not necessarily perform
equally well with signals recorded using an unconstrained bed integrated ECG measurement
setup.
It should be noticed that most of the EDR methods provide only one sample of data for each
heartbeat, which means that e.g. in case of heart rate being 60 bpm and respiration rate 20
cycles per minute, only three samples for each respiration cycle are received. According to the
Nyquist-Shannon sampling theorem, the sampling rate should be at least twice the highest
sinusoidal frequency component in the signal (Shannon, 1949). The waveform of the
respiration signal, however, is not exactly sinusoidal and it therefore includes also frequency
components higher than the fundamental respiration frequency. This leads to the distortion of
the respiration waveform that is reconstructed using the sparsely sampled data and thus
increases the uncertainty of the detected instantaneous respiration cycle lengths. Further
problems may occur if the respiration rate is particularly high compared to the heart rate.
Relatively good results can, however, be achieved by using polynomial or spline interpolation,
which has been used by most of the authors in reconstructing the respiration signals, e.g. (Avci
et al., 2011; Cysarz et al., 2008; Park et al., 2008; Publications III and IV; Widjaja et al.,
2010).
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A minor detail worth knowing when combining the EDR signals based on the RSA and the
physical modulation of the ECG signal is that they are not in the same phase, and furthermore,
the phase difference is not constant because of the complex regulation mechanisms of the ANS.
The phase difference has been found to vary, for example, depending on the sleep stage
(Thomas et al., 2005).

3 Developed monitoring systems
This chapter presents the measurement systems used for signal collection in Publications I – V
and the developed signal processing methods.
Three different methods for detecting heartbeat intervals with bed integrated sensors were
investigated in the attached publications. The methods are: ballistocardiography that is
measured with sensors placed under the bedposts (Publication II), contact ECG measurement
with textile sensors attached to the bed sheet (Publication I; Publication III), and the
measurement of the ECG with capacitive electrodes (Publication V). Detection of the
respiration cycle lengths by using force sensor signals (Publication III) and features extracted
from the contact ECG signal (Publication IV) were also investigated. The recordings were
made in all studies using custom made data acquisition devices that have 16 bit measurement
resolution and using 250 Hz sampling rate. The signal processing in all developed systems has
been done off-line using MATLAB software from MathWorks Inc., Natick, MA, USA.

3.1 Methods developed for unobtrusive heartbeat interval detection
3.1.1 Ballistocardiographic heartbeat interval detection
Publication II presents the monitoring system and the developed signal processing method for
detecting heartbeat intervals with force sensors placed under the bedposts. The dynamic force
sensors selected for the system were commercial products from EMFit Ltd. (S-series sensors)
21
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manufactured from EMFi material. EMFi is a permanently charged cellular film material made
of polypropylene (Paajanen et al., 2000). Its main difference compared with the piezoelectric
polymers like PVDF is that it is fairly insensitive to other forces than the force component
normal to its surface.
One EMFi sensor was placed under each bedpost. Albeit the main component of the BCG
signal is in the direction of the torso, the mechanics of the bed in practice converts the force so
that it can be measured with the EMFi sensor as changes in the normal force. A non-inverting
voltage amplifier with a gain of 100 was used to amplify the signals and decrease the
impedance level of the signal. High-pass cut-off frequency was set to 0.15 Hz by setting the
input resistance of the amplifier to 100 M

with a bias resistor and the capacitance to

approximately 11 nF. Figure 2 shows the EMFi film sensor placed under a bedpost.

Figure 2. An EMFi sensor placed under a bedpost.

In digital signal processing, the sensor signals were first low-pass filtered with a cut-off
frequency of 20 Hz because no content relevant to the heartbeat detection was considered
existing above this frequency. This also removes the 50 Hz power line interference from the
signals. Then a difference was taken from the signals by subtracting the value of preceding
sample from each sample in the signal. The signal waveforms or complexes caused by the
heartbeats are emphasized in the difference signal thus improving the recognition of the
heartbeat intervals. The difference signal was also used in (Brüser et al., 2013b; Paalasmaa and
Ranta, 2008; Paalasmaa et al., 2014b).
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The signal produced by movements can be orders of magnitude higher than the signal produced
by the ballistocardiographic forces. It is practically impossible to find the heartbeats or
heartbeat intervals if there are simultaneously artifacts caused by strong movements in the
signal. Admitting this fact, the amplifier and the data acquisition device used in Publication II
were adjusted so that stronger movements e.g. changing the sleeping posture caused the
amplifier to saturate. The limits of saturation were used to detect the movements and the signal
preprocessing step removed these sections in addition to two second safety margins from
further processing.
The methods found in literature for detecting heartbeats or heartbeat intervals usually try to
find the exact locations of the waveforms that correspond to the heartbeats. The heartbeat
detection method proposed in Publication II does not try to find individual beats but only the
repetition interval of the main component in the signal that is in the same frequency range as
the normal resting heart rate.
The method is based on finding the delay that produces the maximum correlation between two
consecutive signal segments. The sample correlation coefficient

between two sequences as a

function of the delay is calculated according to Equation 1.
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The assumption is that the heartbeat interval may vary between 0.5 – 1.5 seconds, which
corresponds the heart rate values of 45 – 120 beats per minute. The optimal lengths of the
consecutive data segments depend on the prevailing heart rate and therefore the algorithm uses
several different segment lengths simultaneously and finds the correlation maximum for each
case. This is repeated for all four sensors under the bedposts. Only correlation coefficients
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above a fixed threshold (0.75 in Publication II) are considered and the median of the beat-tobeat intervals (BBI) suggested by the five highest correlation coefficient values is considered as
the BBI value for that time instance. The computation is done every 0.5 seconds and thus an
equally spaced BBI vector is formed. Figure 3 shows an example of the difference of a
ballistocardiogram signal and the resulting correlation sequence when the cross correlation
between the two signal segments identified by the vertical lines is calculated.

Figure 3. An example of the difference of the ballistocardiogram signal (upper trace) and the correlation
sequence calculated from the signal segments between 1–2 s and 2–3 s. The figure is adopted from Publication
II.

The formed beat-to-beat interval signal is then post-processed to remove clearly erroneous
detections and to make the continuously detected BBI segments longer. Because the BBI is
calculated for every 0.5 seconds there should not be single values that deviate much from the
surrounding values. A true, deviant beat-to-beat interval should be seen in more than one
detected BBI values. Therefore, if there is a single value in the continuous BBI signal that
differs more than 100 ms from both values around it, the value is considered as an outlier. In
these cases, the value is replaced with the average of the two surrounding BBI values. Also
the gaps in the BBI series caused by single missing BBI values are filled with the mean value of
the preceding and following BBIs.
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There are also cases where only one or two consecutive BBI values have been detected. In
these cases, the values are discarded because the scattered BBI detections indicate that the
recorded BCG signals are not of good quality and the detected BBI values are more likely to
be incorrect than the values in a continuously detected BBI signal.
3.1.2 Heart rate monitoring with bed sheet integrated textile electrodes
Publication I presents a measurement system and a signal processing method that was
developed for measuring and analyzing ECG signals recorded with textile electrodes attached
to the bed sheet. In Publication III, the measurement system was modified by decreasing the
inter-electrode distance and the signal processing method was further developed. Also a simple
method for deploying movement information to assist in the R-R-interval detection from the
ECG signal processing was tested.
In Publication I, eight electrodes were attached to the bed sheet transversally with
approximately 10 cm spacing. The voltage signal was measured between two adjacent
electrodes thus forming seven signals in total. The person lying on the bed is not in contact
with all the electrodes at the same time and usable signal is therefore available only in some of
the measurement channels. Figure 4 shows the measurement setup.

Figure 4. Bed sheet ECG recording system with integrated textile electrodes.
The figure is adopted from (Peltokangas et al., 2011)
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Before trying to detect the QRS complexes from the measured ECG signals, the signals are
preprocessed by low-pass filtering with a cut-off frequency of 30 Hz and high-pass filtering
with a non-linear filter that removes a 100 ms moving median from the signals. This essentially
removes any baseline wander and even lower frequency physiological ECG features like P- or
T-wave but leaves the high frequency QRS complex untouched. The method was proposed in
(Keselbrener et al., 1997) for ECG preprocessing.
The filtered signals are then processed with a channel selection algorithm, which chooses the
channel with the best signal quality to be used in the RRI detection. The best channel is
selected by investigating a 10 second signal sample taken from all the channels. The 10 second
samples are divided into 2 second segments and the peak with the highest amplitude is searched
from each segment. The amplitudes and the maximum derivatives of the peaks’ rising and
falling edges are marked. The average peak amplitude and the average maximum derivatives
are then used to set thresholds for the peak detector. All peaks satisfying the criteria are
searched from the 10-second signal samples.
Next, the noise level in the signals is determined by comparing the amplitude of the found
peaks with the variance of the remaining baseline signal. For those signals that fulfill the
maximum noise criterion, the physiological rationality of the found R-peaks is verified. From
the channels that contain only physiologically reasonable peaks, the one with the highest ratio
between the average peak amplitude and the variance of the remaining signal is selected and
used in the R-peak detection. If none of the signals fulfill the minimum requirements of the
signal quality, the channel selection is tried again after one second.
The actual R-peak detection is done using the same method as in the channel selection. The
thresholds for the R-peak and derivative amplitudes are updated with the values of recently
detected R-peaks. The channel selection procedure is repeated if the signal quality of the
currently used channel decreases too much or if the R-peaks are no longer found in the signal.
Finally, polynomial fitting is used to refine the R-peak location estimates for achieving subsample interval accuracy. The R-peak detection algorithm was modified from the method
proposed in (Zhengzhong et al., 2011). A more detailed description of the algorithm is found in
Publication I.
The feasibility of using movement information to assist in the RRI detection was tested as a
part of the study presented in Publication III. The assumption was that if the degradation of the
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signal quality is not caused by movement, the channel reselection criteria can be adjusted to
tolerate a smaller signal-to-noise ratio (SNR). This was implemented by setting another
threshold for the ECG signal quality indicator. When the first threshold was met, the value of a
movement indicator calculated from the signal of a force sensor located under a bedpost was
checked. If it showed no movement, the measurement was continued. Only if the ECG signal
quality indicator went under the second threshold, the channel reselection was initiated even
when the movement was not present.
Combining the measurement channels
The effect of combining the bed sheet ECG channels to the R-R-interval detection coverage
and accuracy was tested as a part of the work reported in Publication III. To increase the
number of electrodes simultaneously in contact with the monitored person, the inter-electrode
distance was also decreased from 10 cm to 5 cm.
Combining the signals of the adjacent bed sheet ECG channels increases the signal quality in
two ways. Firstly, the noise caused by the measurement electronics and the interferences in the
skin-electrode interfaces are independent between the channels if at least three channels are
combined (for two combined channels the interference associated with the common electrode is
not independent) whereas the ECG signal is not independent and the R-peaks are seen
practically at the same time in all channels where they are visible. This increases the SNR by the
square root of the number of the combined channels, when assuming that the signal component
is identical in the channels. In practice the effect is smaller because the signals are not exactly
the same. The more important source of the improvement is the increased distance of the
measuring electrodes, which according to the lead field theory, increases the measurement
sensitivity deeper in the torso where the signal source, the heart, is located (Puurtinen, 2012).
Figure 5 illustrates the effect of increased inter-electrode distance to the measurement lead
field.
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Figure 5. The principle of the measurement sensitivity with different combination of the electrode pairs (all
combinations are not shown for clarity). The picture is for illustration only and does not correspond to the
actual lead field of the measurement. The figure is modified from (Malmivuo J. and Plonsey R., 1995).

Combining the measurement channels is simply done by adding the recorded signals together
after low-pass filtering with 30 Hz cut-off frequency. This can be done because each electrode,
excluding the outermost electrodes, is common to two adjacent measurement channels. In
addition to the original seven measurement channels, the combining produces six combinations
of two channels, five combinations of three channels and so on. Altogether 21 channel
combinations in addition to the original seven channels are thus formed. The best channel for
the R-peak detection is selected from all 28 possibilities in the same way as in Publication I.
Figure 6 shows an example of the improvement of the signal-to-noise ratio of the bed sheet
ECG signal when the signals of three adjacent measurement channels are combined.
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Figure 6. An example of the effect of combining the measurement channels. Three upper traces are signals
from individual measurement channels and the lowest trace is the combined signal. The signals are off-set for
clarity. The figure is adopted from Publication III.

3.1.3 Heart rate monitoring with capacitive electrodes
The drawback of using the bed sheet integrated textile electrodes for measuring the night-time
ECG and heart rate is the requirement of direct skin contact and therefore basically a naked
upper body. To overcome this drawback, a system that uses capacitive active electrodes was
designed and tested as a bed integrated ECG recording device.
The system reported in Publication V includes four capacitive electrodes that are located
transversally with five centimeter distances on the bed sheet similarly as the textile electrodes in
Publication III. The setup however differs from the textile electrodes in a sense that with the
capacitive electrodes, the potentials measured by the electrodes are not compared with each
other but the signal from each electrode is formed with respect to a large common capacitive
ground electrode. The capacitive ground electrode is realized by placing a conductive textile
sheet, covering the whole bed, under the bed sheet.
The high-pass frequency of a capacitive electrode is determined by the capacitance between the
electrode and the measured person, and the input resistance of the electrode. The diameter of
the active electrodes used was 25 mm. Assuming that the person being measured is wearing a
0.5 mm thick cotton shirt that has the relative permittivity of 2, the skin-electrode capacitance
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becomes approximately 20 pF. Together with a 110 G

input resistance used in the capacitive

electrodes, the high-pass cut-off frequency becomes approximately 0.08 Hz.
The circuit diagram of one capacitive active electrode is shown in Figure 7. The input
resistance of 110 G

is formed by using a bootstrap connection which effectively multiplies the

input impedance via positive feedback (Jung, 2004). The input resistance of the electrode in
Figure 7 is calculated as:

Rin

(

R5
1) R1 R3
R4

(3)

The operational amplifier used in the capacitive electrodes, OPA129, has a non-standard
pinout, which supports an efficient guarding of the input terminals. It also has a very small
input bias current which allows using a large value of bias resistance.
In addition to protect the input from leakage currents, the guard also decreases the parasitic
capacitance of the circuit board layout. The input capacitance of the amplifier component and
some parasitic capacitance still remain, which together with the capacitance of the electrode
form a capacitive voltage division, which changes the pass-band gain of the active electrode. A
capacitive positive feedback was used to compensate these remaining input capacitances. The
gain of the feedback is adjusted by the variable resistor R2. When a test signal is fed to the
active electrode, the gain of the electrode is adjusted to the set value, 0.9 in this case. Figure 8
shows the capacitive active electrode.

Figure 7. Schematic of the capacitive active electrode. The figure is adopted from Publication V.
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Figure 8. The capacitive active electrode. The active area with the diameter of 25 mm is surrounded by a
guard ring. The electronics is protected with an enclosure made of copper.

The capacitive ECG measurement is very sensitive to movements. Movements, like changing
the sleeping posture or even a movement of a limb can cause so strong disturbances to the
measured signal that the recognition of the R-peaks is impossible. Also smaller artefacts that
were synchronous with the heartbeats were often seen in the signals when testing the capacitive
monitoring system. One explanation for these is that they result from the movements caused by
ballistocardiographic forces. Capacitively measured ECG signals containing this kind of
artefact component are illustrated in the upper panel of Figure 9.
Often these small artifacts are seen similarly in more than one channel while the ECG
component in the signals is different because of the different electrode location on the body.
Combining the measurement channels by subtracting their signals can therefore attenuate the
common mode interference significantly as shown in the lower panel of Figure 9. All channel
combinations were calculated and the same channel selection algorithm as was used with the
textile electrodes was then let to select the best signal for R-peak detection. Also the original
signals were used as possible alternatives for the R-peak detection.
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Figure 9. Four signals recorded with the capacitive electrodes (upper panel). Common mode artifacts in the
signals are caused by small movements. The lower panel shows how the R-peaks are emphasized when
subtracting those two signals that differ the most at the R-peak locations. The figure is adopted from
Publication V.

3.2 Methods developed for unobtrusive respiration detection
Two methods were developed for detecting respiration cycle lengths by using physiological
signals of different origin. The first method, using force sensors placed under a bedpost was
studied in Publication III. The other method, using ECG signals recorded with bed sheet
integrated textile electrodes, was studied in Publication IV. It was also tested in Publication III
if combining these two methods and measurement modalities would improve the detection
results.
3.2.1 Respiration detection from the force sensor signals
Dynamic force sensors made of EMFi were used also in the detection of respiration cycle
lengths. Two EMFi sensor elements were used in Publication III and they were placed under
the same bedpost. Using of two sensors provides data redundancy but does not complicate the
measurement system significantly. The high-pass cut-off frequency of the respiration
measurement setup was set to 0.05 Hz, which is more suitable for the low frequency
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respiration signal than the cut-off frequency of 0.15 Hz that was used in the heartbeat interval
detection in Publication II.
Disturbances caused by movements were recognized in Publication III by using the variance
calculated in a 4-second sliding window. A threshold was empirically set at 20 times of the
average variance of the recording. 5-second safety margins were used before and after the
detected disturbance instead of the 2-second margins used in the heartbeat interval detection
because of the lower cut-off frequency and frequency content of the signal that was under
investigation.
The algorithm developed for detecting the RCLs is based on using filters with different passbands to preprocess the force sensor signals. Filtering the force sensor signals for respiration
detection with several pass-bands was earlier used in (Paalasmaa et al., 2011). The pass-bands
of the filters were: 0.05–0.154 Hz, 0.1–0.22 Hz, 0.1–0.33 Hz, and 0.1–0.5 Hz. The low-pass
frequency of 0.33 Hz was erroneously reported as 0.433 Hz in Publication III. The reason for
using filters with different pass-bands is that the signal measured with force sensors and lowpass filtered for respiration detection often contains a certain kind of distortion or skew at one
half period of the signal as can be seen in the panel b of Figure 10. The frequency of these
distortion components is approximately two times the respiration frequency. It is desirable that
the cut-off frequency is between the main frequency and the frequency of the distortion. The
respiration cycle length normally varies between two and ten seconds, which corresponds to
0.1–0.5 Hz. If the low-pass cut-off is lower than the respiration frequency, it will attenuate the
actual signal. If the cut-off is higher than two times the respiration frequency, it will not remove
the undesired component. The filter order has to be high enough so that the undesired
component of the signal is attenuated but the amplitude of the basic component caused by the
respiration is not affected significantly. On the other hand, the filter order should not be too
high so that it does not distort the shape of the signal when the respiration frequency is close to
the cut-off. Fourth order filters with Butterworth response gave good results in tests and were
used in Publication III.
After filtering with four different pass-bands, simple features: local maxima, local minima, and
rising and falling zero crossings are recognized from all resulting signals. RCL suggestions are
generated as the repetition intervals of these features. With two sensors and four filters, eight
signals are formed and by calculating four features from each signal, 32 RCL suggestion
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vectors are generated. The RCL suggestion vectors are then interpolated linearly to one second
sample intervals.
For each time instance, the RCL is determined to be in the middle of a cluster that is formed by
those six suggestions that are closest to each other. If the square distance of the six closest
suggestions is too high, the uncertainty of the suggested RCL value is considered too large and
no RCL value is given for that time instance. It is still checked in the post-processing phase
that there is no single time instance where the selected RCL value deviates too much (1 s) from
the surrounding values. Different phases of the RCL detection process are illustrated in Figure
10. Panel a of Figure 10 shows a reference respiration signal that was measured using a
thermistor placed inside a breathing mask.
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Figure 10. A 200-second example of a force sensor based respiration detection. The reference signal recorded
with a thermistor is shown in a) and the signals of the force sensors filtered with different pass bands in b)
(offset for clarity). The RCL suggestions based on the signals of b) are shown in c), the square sum of the
closest suggestions along with the threshold for discarding the RCL value in d), and the RCLs detected with the
reference sensor (black) and the force sensors (grey) in e). The figure is adopted from Publication III.
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3.2.2 Respiration detection from the bed sheet ECG signals
As explained earlier in Section 2.3.2, the respiration is visible in the ECG signal and can be
detected from several features calculated from the ECG. The R-R-interval based respiratory
sinus arrhythmia and the R-peak amplitude modulation were selected as the EDR features from
which the respiration was detected in Publication IV. The R-peaks were detected using the
method presented in Publication II. Both of the selected features provide one sample per
heartbeat. The formed EDR signals were interpolated to 0.1 s sample interval by cubic spline
interpolation. Fairly short interval was used in order to increase the temporal resolution of the
EDR signals.
The method used for the ECG based respiration cycle length detection follows the same
principle as the detection of the RCL from the force sensor signals in Publication III. The EDR
signals formed by the interpolated R-R-interval and R-peak amplitude vectors were now used
instead of the two force sensor signals. Ideally, both signals would contain only the variation
related to respiration but in practice they also include other, interfering, components. Again,
different pass-bands were used because the RCL usually varies between 2 s and 10 s,
corresponding to the frequency range of 0.1–0.5 Hz. Depending on the respective value of the
RCL, different pass-band will produce the best filtering result. In this case, the best results
were achieved by using three filters (0.1–0.22 Hz, 0.1–0.33 Hz, and 0.1–0.5 Hz). RCL
suggestion vectors were calculated using the same simple features as earlier: peaks, troughs,
and zero-crossings.
Figure 11 shows an example how the ECG signal is affected by respiration (upper panel). Rpeaks recognized from the preprocessed signal are shown in the middle panel and the
calculated R-R-intervals in the lower panel. The data in the example has been recorded during
extensively deep breathing. Normal breathing has smaller effect on the ECG signal and the RR-intervals.
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Figure 11. The effect of respiration on the ECG signal. Raw ECG signal recorded with textile electrodes is
shown in panel a, filtered signal along with detected R-peaks and R-peak amplitude signal (before
interpolation) in panel b, and formed R-R-interval signal in panel c.

The detected instantaneous RCL values were also used to calculate the mean RCL for 1 and 5
minute long epochs. If the mean RCL is calculated for all epochs that contain at least one
detected instantaneous RCL, good detection coverage is achieved but the error for the epochs
that contain only a few RCLs is probably higher. The error can be decreased by setting the
minimum number of RCLs that must have been detected during an epoch before the mean RCL
for that epoch is reported. The results were calculated using the overlaps of 50 and 240
seconds for the 60- and 300-second epoch lengths, respectively. The overlap was used in order
to increase the amount of data in the test.
3.2.3 Combining the force sensor and ECG based respiration detection
Combining the force sensor and the ECG based respiration detection methods in order to
increase the RCL detection coverage was also tested in Publication III. The force sensor based
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detection was selected as the basic method because it provided better coverage and smaller
error than the ECG based method as presented in Section 4.3. The approach was simply to fill
the gaps in the force sensor based RCL signal with the values provided by the ECG based
detection in case the ECG based value was available. No separate post-processing was made to
the combined signal because both source signals had already been post-processed and clear
errors had been removed.

4 Results and discussion
This chapter presents the heart rate and respiration detection results obtained with the
developed measurement systems and discusses the findings of the thesis. The error metrics used
in the attached publications is introduced next.

4.1 The error metrics used in thesis
Following metrics have been used in the thesis and in the related publications to compare the
measured and the reference heartbeat interval and respiration cycle length values.
The methods developed and presented in the thesis for calculating heartbeat intervals and
respiration cycle lengths all include a certain kind of assessment of the reliability of the obtained
BBI or RCL result. The assessment is firstly included into the BBI or RCL detection algorithm
and in most cases also as a post-processing step. Those BBI or RCL values that are considered
unreliable are discarded by the algorithms and are not reported in the final results. A parameter
called detection coverage is used to tell which proportion of time the BBI or RCL values have
been reported by the signal processing algorithms. Detection coverage is defined as:
Coverage

The amount of time the BBI or RCL values have been reported
100%
Total measuremen t time
.
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Root-mean-square error (RMSE) has been used to describe the error between heartbeat
intervals or respiration cycle lengths measured with the developed systems and the references.
The RMSE is defined as:
1
N

RMSE

N
i 1

xi

yi

2

,

(5)

where xi are the heartbeat intervals or respiration cycle lengths measured with the evaluated
method and yi are the respective figures calculated from signals of the reference sensors. N is
the number of the compared values. The same notation is used in (6) – (10).
The drawback of the RMSE is that it is strongly affected by possible occasional large errors
and in such cases, does not give a representative estimate about the overall performance of the
method. Mean absolute error (MAE) is not as sensitive to occasional large errors as the RMSE
and it therefore suits better for comparison. MAE is defined as:

1
N

MAE

N
i 1

xi

yi .

(6)

Relative MAE, sometimes also called as mean absolute percentage error, is a convenient
measure of error because it allows of comparison results whether they are calculated, e.g. in
case of respiration detection, as breaths per minute or cycle duration in seconds. Relative mean
absolute error is defined as:

MAEREL

1
N

N
i 1

xi

yi
yi

100% .

(7)

Pearson correlation coefficient is a commonly used figure for estimating the linear dependency
of two measurement sequences or variables. It measures the deviation of the sample pairs from
the best fit straight line. In the studies presented in the thesis, one of the variables has always
been the reference that is considered as the true value. In such a case it is more reasonable to
use concordance correlation which takes this into account and tries to evaluate the ability of
the two methods to produce same results. The concordance correlation calculates the
correlation of the sample pairs with respect to a 45 degree line that goes through the origin, not
the best fit straight line (Lin, 1989). Concordance correlation coefficient of two variables x and
y is defined as:
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where sxy is the sample covariance of the sequences, sx2 and s 2y are the sample variances of the
sequences, and mx and my are the sample mean values of x and y. The sample covariance of two
sequences is defined as:
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and the sample variance of a sequence as:
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Because of the nature of the heartbeat interval detection method presented in Publication II and
the respiration cycle length detection methods presented in Publications III and IV, the
reported error values have been calculated by comparing the interpolated heartbeat interval or
interpolated respiration cycle length signals with the values recognized and interpolated from
the reference signals. This has an effect to the value of the error when comparing with the
situation where the individual heartbeat intervals are recognized and compared with the
corresponding reference heartbeat intervals. Tests with simulated and bed sheet ECG data
showed that the values of the RMSE and MAE can be up to approximately 30 % smaller when
calculated using data values interpolated linearly between the original unequally spaced data
values.

4.2 Results of the heartbeat interval detection
This section summarizes the results achieved with the systems and methods developed for
ballistocardiogram, contact ECG, and capacitive ECG based heartbeat interval detection and
compares the performance of the methods.
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4.2.1 Ballistocardiographic heartbeat interval detection
Test measurements
The measurement system and the BBI detection method proposed in Publication II were tested
with four female and five male subjects in one hour long recordings. The subjects were free to
change the posture during the measurement. Reference heartbeat intervals were calculated
from an ECG signals recorded with disposable Ag/AgCl electrodes. The reference R-peak
detections were visually inspected, corrected, and the detected R-R-intervals interpolated to
the same 0.5 s sample intervals as the force sensor based BBIs.
Results
An average of 5.4 % of the measurement data was labeled to contain large artifacts and thus
removed in the preprocessing phase. From the remaining data, the algorithm was able to detect
the beat-to-beat intervals for an average of 96.2 % of the time. The overall average recognition
coverage was thus 91 %.
BBI detection can be defined erroneous if the detected value deviates more than a certain
amount from the reference. 50 ms difference was used as the threshold in the comparison. An
average of 98.6 % of reported BBI values were within 50 ms from the reference value. The
relative MAE of the BBI values was 0.88 % and varied in the range 0.42 – 1.51 % between the
subjects. More detailed results can be found in Publication II.
Similar or slightly better results have been reported by other authors for the BCG based
monitoring systems that use multiple measurement channels. Coverages of 85.9 % and 84.4 %
were reported for the methods developed by Kortelainen et al. and Brüser et al. respectively
when testing with people having various sleeping disorders (Brüser et al., 2015). Two most
difficult subjects were discarded from their results. The corresponding relative MAE values
were 0.9 % and 0.5 %. The results achieved by Kortelainen et al. for healthy subjects were
even better: the coverage was 88 % and the relative MAE 0.40 % (Kortelainen et al., 2012).
The results found in literature for systems that use only one BCG channel have been slightly
worse. 73 % and 54 % coverage and 0.78 % and approximately 1.3 % MAE have been
reported in (Brüser et al., 2013b) and (Paalasmaa et al., 2014b) for large variety of subjects,
respectively.
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The accuracy of certain heart rate variability parameters that have been earlier used in sleep
monitoring and classification was also evaluated. The HRV parameters were calculated for 30
second epochs. The normally used window length in HRV analysis is 5 minutes (Malik et al.,
1996) but because sleep data is usually analyzed in 30 second epochs, the same length has been
used in some studies also for the HRV parameter calculation (Adnane et al., 2012; Devot et al.,
2007; Ebrahimi et al., 2013; Redmond and Heneghan, 2006).
Only the epochs that included all BBIs were considered in the analysis. The mean coverage of
these full epochs was 61.2 % of the recording time with all subjects. One of the evaluated
parameters was the standard deviation of the BBIs in an epoch, which has been found to
decrease during the deep sleep phase (Kesek et al., 2009). The relative MAE of this parameter
was 6.0 %. The ratio between the low frequency and the high frequency power (LF/HF-ratio)
in the beat-to-beat interval signal has been found to differentiate especially in the NREM and
REM sleep stages and it has been used in sleep classification in (Bušek et al., 2005; Choi et al.,
2009; Choi and Jiang, 2008; Kesper et al., 2012). The LF/HF-ratio has also been studied for
the detection of several medical sleep disorders (Stein and Pu, 2012). The low frequency band
is commonly defined as the frequencies between 0.04 Hz and 0.15 Hz and the high frequency
band between 0.15 Hz and 0.4 Hz. The average relative error in the LF/HF-ratio with all
subjects was 9.4 %. Figure 12 shows an example of two 30 s BBI time series measured with
the bedpost force sensors along with the reference RRI data and the respective power spectral
densities (PSD). The PSDs were calculated in this study using discrete Fourier transform
(Oppenheim and Schafer, 1989).
An alternative method for calculating physiological parameters when performing an epoch-wise
sleep analysis is to use a longer computation window and assign the parameter values to the 30
s epoch in the middle of the window as in (Choi et al., 2009). Another possibility for
calculating the HRV parameters is using a time-variant autoregressive modelling as in (Devot
et al., 2007; Kortelainen et al., 2010). The accuracy of the HRV parameters calculated using
these techniques was, however, not evaluated in the thesis.
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Figure 12. Two examples of BBI signals in 30 s epochs (black) with corresponding RRI references
(grey); (a) and (c), and their PSDs; (b) and (d) calculated using discrete Fourier transform. The time
domain signals as well as the PSDs in these examples correspond well with each other. The figure is adopted
from Publication II.

4.2.2 Heart rate detection with bed sheet integrated textile electrodes
Test measurements
The original measurement setup and signal processing algorithm presented in Publication I
were tested with five subjects in overnight measurements at home environment. One subject
was later discarded due to extensive amount of disturbances, mainly of physiological origin
(heartbeats appeared like premature ventricular contractions), in the acquired signals.
Altogether 29 full night recordings were included in the analysis. All subjects were male, aged

4 Results

45

23–32 years, 173–185 cm, 64–80 kg, and healthy without previously known cardiac disorders.
The performance of the further developed setup presented in Publication III was tested with
ten subjects (eight male, two female, 23-33 year old, normal weight) in one hour long
recordings performed in laboratory conditions.
Results
The average heart rate detection coverage achieved with the original system described in
Publication I in overnight measurements was 94.9 % and the average RMSE of the calculated
R-R-intervals was 4.48 ms, which corresponds to 0.27 bpm.
When the inter-electrode distances were decreased to 5 cm in Publication III and the combined
measurement channels were included, the RMSE was slightly higher, 5.81 ms (0.36 bpm). The
reason is probably not in the different measurement setup but rather it might be the different
test conditions. In the tests of Publication III, shorter one hour recordings were used and the
relative amount of wake time and therefore the amount of movements were higher, possibly
causing more detection errors. The average MAE in the second experiment was 1.12 ms and
varied between 0.48–1.70 ms between the subjects.
The average RRI detection coverage in the second test was 91.5 % when the force sensor was
not used to assist in channel reselection and when all subjects were included. One of the test
subjects was removed from the calculation of average results in Publication III because in his
measurements, the sheet electrodes were located poorly, which degraded the quality of the
recorded signals. The average coverage reported in Publication III was 95.1 %. The detection
coverage results of Publication III cannot be compared with the results of Publication I because
of the different measurement conditions and different test subjects.
The effect of combined measurement channels and decreased inter-electrodes distance was
therefore studied by calculating the coverage with the data of the second trial but by using only
the original measurement channels with 5 cm inter-electrode distance or 10 cm inter-electrode
distances that were formed by combining two adjacent measurement channels. The coverages
for all subjects in these cases were 77.6 % and 82.3 %, which shows that the improvement in
the coverage was significant when more channel combination options were available.
Especially, for one test subject the coverage was only 0.6 % when only the original
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measurement channels were used but it increased to 47.5 % when using the 10 cm electrode
distances, and further to 61.3 % when all channel combinations were included.
Introducing the force sensor to assist in the channel reselection decision improved the RRI
detection coverage by 0.9 percentage point to 92.4 %. Even more important consequence was
the decreased number of channel reselections, which lengthens the continuously detected RRI
series. This facilitates especially the computation of frequency domain heat rate variability
parameters.
Similarly as in Publication II, the R-R-interval signal was divided into sequential 30 second
epochs and certain HRV parameters were calculated and compared with the ones calculated
from the reference ECG signal. Again, only the epochs that according to the algorithm
contained all the R-R-intervals were taken into account. The average coverage of these epochs
was 85.6 % of the total measurement time. In Publication I, the PSDs were calculated using
Welch modified periodogram method (Ifeachor and Jervis, 1993). The compared frequency
domain HRV parameters were low frequency power, high frequency power, and the LF/HFratio. The respective relative MAE values were 0.89 %, 3.90 %, and 2.20 %.
4.2.3 Heart rate detection with capacitive electrodes
Test measurements
The capacitive system was tested with five male subjects in one hour long recording. The
subjects were instructed to change their sleeping posture every 15 minutes so that all four main
postures (supine, left side, prone, and right side) were tested. With this arrangement it was
possible to compare whether there were differences in the performance between the postures.
Care must be taken when testing capacitively coupled ECG measurement systems, to prevent
the reference measurement from affecting the capacitive measurements. For example, the
reference device should not be connected in such a way that a galvanic ground current path
would be provided through its electrodes. Therefore a separate wireless ECG measurement
device was used for recording the reference signal. A single ECG channel was measured by
using disposable Ag/AgCl electrodes that were attached below the left and the right clavicles.
The used reference recording system has been presented in (Vehkaoja et al., 2012).
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Results
The RR-interval detection coverage varied from 62 % to 96 % between the subjects. The
average coverage was 81 %. There were significant differences in the detection coverage
between the sleeping postures. The system performed well in other sleeping postures but had
problems, especially with two subjects, in detecting the heart rate when lying on the right side.
The coverage for one of the two was only 8.4 % and for the other one, the algorithm was not
able to detect any R-peaks in this posture. A visual inspection of the latter case showed that
too large artefact component (presumably resulting from the ballistocardiographic movement)
was present in the signal preventing the preprocessing from providing a good enough signal for
the R-peak detection algorithm. Furthermore, the ECG component was almost equal in all
channels and therefore subtracting the signals did not produce good enough ECG signal either.
The mean detection coverage increased to 92.4 % when the data recorded during the right side
posture of the two subjects and the posture changes from all subjects were removed from the
analysis. The average MAE of the detected R-R-intervals was 1.78 ms, which can be
considered as a good result. Subject-wise results can be found in Publication V.
4.2.4 Comparison of the heartbeat interval monitoring methods
The presented measurement systems and signal processing methods have been developed and
tested separately, which means that an accurate comparison of their performance cannot be
done based on the test results. Especially the comparison of the detection coverage achieved
with different technologies is difficult because the measurement conditions and subjects have
not been the same. Still, based on the test results the beat-to-beat interval detection coverage
seems to be the highest when using the contact electrodes with short inter-electrode distance
and when including the combined measurement channels in the analysis. The coverage was
further increased when the movement information from the force sensor was utilized.
The error in the detected beat-to-beat signals is more comparable even when the recording
situations are different. The average mean absolute error of the measured R-R-intervals was
1.78 ms with the capacitive electrode system and 1.12 ms with the textile electrodes. The
relative mean absolute error of 0.88 % achieved with the ballistocardiographic system
corresponds to 8.8 ms if an average heart rate of 60 bpm is assumed. The conclusion supported
by both, the presented measurements and the results reported in literature, is that the ECG
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measured with bed sheet textile electrodes provides more accurate heartbeat interval
information than ballistocardiographic data. This naturally reflects also to the accuracy of the
calculated HRV parameters. The relative mean absolute error of 2.2 % was achieved for the
LF/HF-ratio with the bed sheet ECG system while the relative MAE with the
ballistocardiographic method was 9.4 %. The methods used for calculating the PSDs were,
however, different in the two studied. The respective full 30 s epoch detection coverages were
85.6 % and 61.2 %. Table 1 summarizes the average BBI detection results achieved with the
three sensor modalities.
Table 1. Comparison of the heartbeat interval detection performance
achieved with different monitoring techniques in one hour recording.
Measurement
method

Coverage
(%)

BBI detection performance characteristics
MAE
LF/HF
30 s epoch
(ms)
MAE (%)
coverage (%)

BCG

91.0

8.8

9.4

61.2

Contact
ECG
Capacitive
ECG

91.5a

1.12

2.2

85.6

81.0b

1.78

-

-

a.

95.1 % if the subject who had s is discarded from the analysis

b.

92.4 % if the data of two subjects’ right side posture and the posture changes of all subjects is removed.

4.3 Results of respiration cycle length detection
This section summarizes the results achieved with systems and methods developed for force
sensor based and ECG based respiration cycle length detection and compares the two methods.
4.3.1 Force sensor based respiration detection
Test measurements
The data collection for testing the respiration detection algorithm was done together with the
data collection for the combined ECG channels testing. The number of subjects was ten and the
duration of each recording was one hour. An NTC thermistor placed inside a breathing mask
was used as the reference respiration sensor. The resistance of the thermistor was measured,
converted into temperature, and filtered. The respiration cycles were detected from the bandpass filtered (0.01–5 Hz) temperature signal by finding the minimum temperature of each
segment below the baseline level. These points correspond to the end of the inhale phase. The
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signals were visually inspected and false or missing detections were corrected. Short sections
were found in the recordings of four test subjects, where the amplitude of the reference
breathing signal was significantly decreased and clear respiration rhythm was not visible in the
signal. These sections were interpreted as apneic breathing and discarded from the analysis.
The total amount of discarded data was clearly less than one percent of the recording time.
Results
The average force sensor based RCL detection coverage achieved in the test with ten subjects
was 82 %. The coverage, however, varied significantly between the subjects. The minimum
coverage was 61 % and the maximum was more than 97 %. On average, 95.5 % of the
detected respiration cycle length valuess were within 0.25 seconds and 99.1 % within 0.5
seconds from the reference value. The average relative MAE was 2.1 %. Subject-wise
concordance correlation coefficients between the reference and the force sensor based
respiration cycle length values were on average 0.946. More detailed results can be found in
Publication III.
4.3.2 ECG based respiration detection
The same data set as in the force sensor based RCL detection was also used to evaluate the
performance of the ECG based RCL detection. The respiration cycle length detection coverage
again varied significantly between the subjects. The individual coverage varied between 19.0
and 83.2 % of the whole recording time, the average being 39.6 %. The RCL detection
coverage is naturally affected by the fact that R-peaks cannot be recognized from the bed sheet
ECG signals all the time. When only the time the R-peaks had been detected was considered
(82.0 %), the mean RCL coverage was increased to 48.3 %. The average MAE of the detected
respiration cycle length signal was 0.24 s, which corresponds to 5.6 % relative mean absolute
error. On average, 89.7 % of the detected RCL values were within 0.5 second from the
reference values. Subject-wise concordance correlation coefficients between the reference and
the ECG based respiration cycle length values were on average 0.777.
For comparison, the RCL detection algorithm was also tested with reference ECG signal that
had been simultaneously measured with normal gel electrodes placed under both clavicles. The
mean RCL detection coverage from the reference ECG signal was 47.8 % and the average
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relative MAE was 4.1 %. Surprisingly, the RCL detection coverage calculated using the good
quality reference ECG signal was not better than what was obtained using the bed sheet ECG
signals when the 82 % R-peak detection coverage was taken into account. There is some
difference in the accuracy though, which may be due to the generally worse quality of the bed
sheet ECG signal. In addition, because the electrode locations on the body vary depending on
the posture in the bed, the variation in the R-peak amplitude is not seen equally well in all
sleeping postures. The measurement lead selected by the algorithm also affects the interelectrode distance which may have an effect on how well the respiration variation is seen in the
R-peak amplitude. The measurement lead or the quality of the ECG signal, however, may only
have a very minor effect to the RSA, the other EDR signal used in the respiration detection. It
can be concluded that the quality of the bed sheet ECG signal is adequate for the RCL
detection with close to the same performance as when the high quality reference ECG signal is
used. This applies at least with the developed signal processing and RCL detection method.
Epoch mean RCL accuracy and coverage were also evaluated as a function of minimum
number of instantaneous RCLs in an epoch required for reporting the result. Figure 13 shows
the detection coverage and the MAE of the mean RCL values as a function of the minimum
number of the instantaneous RCLs in an epoch. The results in Figure 13 are calculated for 1
minute epoch length using 50 seconds overlap between the epochs. 88.4 % of all epochs
calculated using the bed sheet ECG data contained at least one RCL value and the average
relative MAE for the mean RCL was in this case 6.6 %. Better coverage was achieved by using
the reference ECG signal because the reference signal and thus R-peaks are practically always
available. The average MAE is slightly smaller for the reference ECG when all possible epochs
are considered. However, both signals produce similar error values when the minimum number
of the required RCLs in an epoch is increased to more than 25 %.
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Figure 13. The average dependency of the coverage (left panel) and the MAE of the mean RCL values (right
panel) for one minute epochs for all subject. The results calculated using the reference ECG signal are shown
in black and the results calculated using the bed sheet ECG signal in grey. The figure is adopted from
Publication IV.

4.3.3 Combined force sensor and ECG based respiration detection
The mean RCL coverage was increased by 3 percent units from 82.0 % to 85.0 %, when the
ECG based RCL values were added to the gaps of the force sensor based RCL signal. The
overall accuracy was however decreased. The relative MAE, for example, was increased from
2.09 % to 2.29 %. The reason for the relatively high increase in the error is probably that the
situations where the force sensor RCL data is missing are often related to movements and
therefore also the ECG based RCL information is more unreliable than on average. More
advanced method for combining the RCL information from different sources should therefore
be developed.
4.3.4 Comparison of the respiration cycle length monitoring methods
As seen by comparing the results of the respiration detection with force sensors and by using
the ECG signal, the respiration information derived from the ECG signal has not been as
reliable as the results obtained with the force sensors. The ECG-based algorithm provided a
respiration result on average 39.6 % of the time, which is less than a half of the coverage
obtained using the force sensors 82.0 %. Also the accuracy of the RCL detection is worse with
the ECG based detection (average MAE 5.6 %) than when using the force sensors (average
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MAE 2.1 %). Table 2 summarizes the average results with the two sensor modalities separately
and when they are combined.
Table 2. Comparison of RCL detection performance of different monitoring techniques.
Sensor
Coverage
(%)

Respiration detection performance characteristics
CorreRMSE
MAE
e<0.25 sb
e<0.5 sb
lationa
(%)
(s)

e<1 sb

Force sensor

82.0

0.946

0.179

2.09

95.5

99.1

99.6

ECG

39.6

0.777

0.378

5.60

71.2

89.7

97.0

Combined

85.0

0.925

0.216

2.29

94.6

98.7

99.5

a.

Concordance correlation of the measured respiration cycle length values and the reference values.

b.

Percentage of the detected respiration cycle length values whose error is smaller than 0.25 s, 0.5 s, or 1 s.

5 Conclusions
Monitoring systems that utilize different unobtrusive sensing principles for measuring
physiological signals of a person in bed were developed and presented in the thesis and the
appended publications. Signal analysis methods for extracting heartbeat intervals and
respiration cycle lengths from the measured signals were also developed and presented.
The first research question studied in the thesis was: “What kind of unobtrusive measurement
principles and sensor setups are suitable for unobtrusive monitoring of heart rate and
respiration rate and what limitations do the methods have?”
This research objective has been discussed in Section 2.2 that presents the unobtrusive
monitoring methods found in literature. Three measurement methods were realized and
presented in the attached publications. Publications I and III present a monitoring system that
uses textile electrodes placed transversally on the bed sheet. The ECG signal was measured
between each adjacent electrode pair. This kind of electrode setup for contact electrodes has
not been previously used in studies found in literature. ECG signals of adequate quality for the
heart rate detection were obtained with narrow, 5 cm inter-electrode distance used in
Publication III from all test subjects except one. Combining the measurement channels enabled
the heart rate detection also for this person. The quality of the recorded signals was also
adequate for the detection of instantaneous respiration cycle lengths as was shown in
Publication IV. The proposed contact ECG monitoring system requires the user to have a
naked upper body. For people who anyway sleep without wearing a shirt this does not pose a
53
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problem but for the others it might be unacceptable. Such contact ECG monitoring systems
that overcome this requirement by locating the electrodes to the pillow and the foot of the bed
have been studied but they may have another problems for example if the hair of the subject is
preventing the galvanic contact between the body and the electrode.
Bed integrated measurement setups for recording ballistocardiographic signals have been
extensively studied by several research groups and the methods found in literature were
reviewed in Section 2.2.3. Publication II presents a measurement setup that uses simple force
sensors made of EMFi material for recording ballistocardiographic signals. The sensors were
located under the bed posts, from where they were able to record good quality BCG signals.
The recorded signals also include variation caused by respiration and are therefore suitable for
respiration rate detection, which was studied in Publication III. The methods based on the
ballistocardiographic measurements do not set any constrains for the clothing but the limitation
of these methods is that they are sensitive to any forces present. If two people are sleeping in
the same bed, the force signals of the sleepers’ heartbeat and respiration can mix and cause the
deterioration of the accuracy and detection coverage, especially if the force sensors are placed
under the bedposts as stated in (Paalasmaa, 2014a). Forces caused by other person’s
movements can cause problems also when using force sensors that are placed right under the
person being monitored.
Publication V presents a measurement setup that contains capacitive electrodes for recording
ECG signal through clothing. Similarly as in Publications I and III the electrodes were located
transversally on the bed sheet but in this setup their potentials were measured against a
common capacitive ground electrode. ECG signals of adequate quality were also obtained with
the capacitive electrodes. The structure of the capacitive electrodes was, however, relatively
complex compared with the other tested sensors. Due to the requirement of very high input
impedance, well shielded active electrodes were needed. The capacitive ECG was found to be
more sensitive to movement artifacts than the contact ECG. It was concluded based on the
measurements that even the movements caused by the ballistocardiographic forces can
sometimes create artefacts in the measured signal that have larger amplitude than the electric
activity of the heart. The developed capacitive ECG monitoring system also had problems in
measuring signal with detectable heartbeats from two subjects in right side sleeping posture.
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The efficiency of detecting respiration cycles from the capacitive ECG signals was not
evaluated in the thesis.
A common shortcoming of all studied and also other unobtrusive non-wearable monitoring
methods is that they are sensitive to movements. The techniques that measure ECG signal lose
the electrode contact during movements and techniques based on the measurement of force or
acceleration signal cannot separate the components caused by heartbeats or respiration from
much stronger movement artefact signal. The same applies also to the monitoring systems that
use microwave Doppler radars, since the radar measurement is based on monitoring the
movements of the chest. So far, no such unobtrusive monitoring technique has been proposed
that could detect heart rate or respiration rate continuously including the time periods of
changing the sleeping posture.
The second research question concerned signal processing methods that can be used for
detecting the physiological parameters from the measurement signals. The question was
formulated as: “What specific requirements do the investigated sensing methods set for the
signal processing algorithms used for extracting the heart rate and the respiration
information from the measurement data?”
The ECG signals recorded with the bed sheet textile electrodes usually contain at least the Rpeak, which can be detected with similar signal processing methods that are used for the ECG
signals recorded with conventional electrodes. However, the quality of the bed sheet ECG
signals is often worse than the quality of the signals obtained with regular electrodes. The
amplitude of the R-peaks vary significantly depending on the electrode location, which changes
according to the sleeping posture, and also depending on the quality of the skin-electrode
contact. The signal processing method should therefore be able to adapt to the changing
properties of the measured signal. Even when the criteria for the R-peak detection are carefully
adjusted, the varying signal properties can sometimes cause erroneous peaks being classified as
R-peaks. The post-processing phase, which detects the physiological reasonability of the
detected peaks, was therefore also found to have an important role in improving the specificity
of the R-peak detector. The aforementioned requirements were considered when the signal
processing method for the bed sheet ECG signals was designed as explained in Section 3.1.2
and in more detail in Publication I.
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The effect of combining the measurement channels on the detection coverage was studied in
Publication III. The detection coverage was significantly improved when also the combined
measurement leads were used in the heart rate detection. It is therefore beneficial if the
algorithm is able to use several ECG signals, if available, for heartbeat detection. This is
necessarily not so important when using ECG signals that have been recorded with
conventional gel electrodes or wearable textile electrodes as in (Vehkaoja et al., 2012).
The waveforms of the ballistocardiographic signals vary significantly between people,
depending on the sleeping posture, location on the bed and the location of the sensor. The
signals do not always contain any clearly distinguishable waveform such as the R-peak of the
ECG signal and therefore the heart rate cannot be reliably detected by searching for such
predefined waveform. Methods that try to find repeating patterns from the signals are therefore
commonly used with BCG signals. The method presented in Publication II for the detection of
the heartbeat interval signal uses the correlation of consecutive signal segments for finding the
repeating patterns in the BCG signals. Even the method does not detect the individual
heartbeats or individual heartbeat intervals, it was able to extract the equally sampled beat-tobeat interval signal with good performance.
The properties of the capacitively measured ECG signal were found to be similar to those of
the ECG recorded using the textile electrodes, with the exception that the capacitive
measurement was more sensitive to movement artifacts. Formation of new measurement leads
by subtracting the ECG signals from each other was found to improve the detection coverage
because the common component of the movement artefact was this way suppressed and
because more measurement channels were available for the channel selection algorithm. In
principle, the formed measurement leads correspond the original leads of the contact ECG
measurement setup. The same R-peak detection method as with the textile electrodes then
performed well also with the capacitive ECG signals.
While respiration related variation is seen in the signals recorded with force sensors that are
placed under the bed posts, it is not as straight forward to detect instantaneous respiration
cycles from these signals as it is when using traditional respiration sensors such as an airflow
sensor or thermistor. There often is another signal component of higher frequency combined in
the signal as was shown in Figure 10. A method for extracting the instantaneous respiration
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cycle lengths described in Section 3.2.1 and in Publication III was therefore developed. The
method was found to perform well in the tests.
The properties of the ECG signal that can be used in deriving respiration signals were
presented in Section 2.3.2. The method developed for the respiration detection from the force
sensor signals was successfully used also with the EDR signals derived from the bed sheet
ECG.
The third research question dealt with the evaluation of the results of the measurement system
testing: “How do the developed monitoring methods perform in the detection of the
physiological parameters and are there noticeable differences in their performances?”
The results achieved with the developed measurement systems were summarized in Sections
4.2.4 and 4.3.4 for heart rate and respiration rate, respectively. Good detection results were
achieved with all methods. Although the systems developed for heartbeat interval detection
have been tested separately and partially with different test subjects, some conclusions about
their performance compared with each other can still be drawn. The measurement methods that
use the unobtrusively measured ECG signal seem to provide clearly better heartbeat interval
accuracy than the developed ballistocardiographic method or the ballistocardiographic methods
found in literature. The detection coverage achieved with the contact ECG method was also
better than what was achieved with the ballistocardiographic method or the capacitive ECG
method in similar test conditions.
The respiration detection performance achieved with the force sensors was clearly better than
when estimating the respiration cycle lengths from the EDR signals. The RCL detection
coverage values were 82 % and 40 % (48 % of the time the R-peaks were found from sheet
ECG signals), and relative MAEs 2.1 % and 5.6 %, respectively. Similar coverage but better
RCL accuracy was achieved when the reference ECG signal measured with gel electrodes was
used for the detection of instantaneous RCLs.
The aim of the fourth research question was to conclude, based on the published studies:
“What kind of a measurement system would suit best for unobtrusive respiration and heart
rate detection?”
The results of Publication I – V suggest that among the studied methods and from the data
quality or accuracy point of view, an optimal system for unobtrusive night-time physiological
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monitoring would include an ECG measurement modality for the heartbeat interval monitoring
and force sensors for the respiration monitoring. The force sensor would also be an obvious
choice to be used in the detection of movements. Using more than one sensor modality in the
measurement system would also enable combining their information to enhance the
measurement coverage or the accuracy and thus improve the monitoring performance. The
increase in the detection coverage by simple methods of combining the information of the
sensor was demonstrated in Publication III but increasing the accuracy would require more
advanced data processing methods to be used.
However, combining more than one sensing modality into a measurement system increases its
technical complexity and inevitably also the cost level of fabrication. Furthermore, it does not
necessarily matter from the application point of view if one measurement method produced
better data accuracy than another, if the accuracy of both methods is adequate. It should be
tested in the future if the better accuracy and heart rate detection coverage achieved with the
contact ECG monitoring system would also be able to provide significantly better sleep
classification accuracy than the BBI information obtained with the ballistocardiographic
sensors. Currently there are no products on the market that use contact or capacitive ECG
sensing principles for unobtrusive monitoring of night-time heart rate and the viability of
systems of this kind in practical use should be evaluated in the future.
The tests with the developed methods have been performed with healthy young adults mainly in
laboratory conditions and it is likely that the results would be different if the tests were
conducted in home conditions, with subjects of wider demographic distribution or with subjects
who suffer from sleep disorders. Evaluating the systems in all-night use instead of one hour
recordings would probably improve the results because the subjects would be asleep a larger
part of the recording, which would decrease the relative amount of movement artifacts. On the
other hand, testing the methods with subjects who suffer from sleep disorders would probably
decrease the performance when compared with testing with healthy subjects.
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Night-Time EKG and HRV Monitoring with Bed
Sheet Integrated Textile Electrodes
Mikko Peltokangas, Jarmo Verho, and Antti Vehkaoja

Abstract—A system for unobtrusive night-time EKG and HRV
monitoring as well as data analysis methods are presented,
comparing bed sheet HR and HRV values with corresponding
parameters obtained by a reference measurement. Our system
uses 8 embroidered textile electrodes attached laterally to a
bed sheet for measuring bipolar contact EKG from multiple
channels. The electrodes are arranged as a line so that at least
two adjacent electrodes make sufficient skin contact. The focus
of the signal processing development has been in selecting the
best measurement channel for further analysis and minimizing
the amount of incorrectly detected R-peaks.
The test measurements were performed with four healthy men
without previously known cardiac disorders and one who frequently had premature ventricular contractions (ectopic beats).
For healthy test subjects, an average of 94.9 % heartbeat
detection coverage was achieved with the system during 29
measurement nights (in total 213.8 hours of data).
In most cases, the quality of the signal obtained from bed
sheet electrodes is good enough for the computer-assisted cardiac
arrhythmia detection. Applications for EKG derived RR-interval
data include the calculation of HRV parameters that can be
utilized in sleep quality analysis and other wellness-related topics
as well as sleep apnoea detection.
Index Terms—Night-time electrocardiogram (EKG, ECG),
night-time heart rate variability (HRV), physiological monitoring,
textile electrode

I. I NTRODUCTION AND M OTIVATION
Increasing interest in wellness applications has expanded the
will to measure the information on cardiac activity from sports
to other domains of living. Measuring EKG and especially
heart rate (HR) and heart rate variability (HRV) during sleep
provides valuable information about sleep quality and other
wellbeing and health related indicators. HR based awakening
detection for sleep quality monitoring has been studied e.g.
by Bulckaert et al. in [1]. Applications for night time HR and
HRV measurements also include detection of acute mental
stress [2] and sleep apnoea [3]. Obviously, many kinds of
cardiac arrhythmias can be detected and analyzed when HR
or EKG data is available.
The system we are proposing consists of eight embroidered
fabric electrodes that are sewn on the bed sheet, forming seven
bipolar EKG channels. Compared with traditional long term
EKG recordings, (Holter devices), our approach is more userfriendly: the measurement of bed sheet EKG is unobtrusive,
without electrodes to be worn or a data acquisition device to
Manuscript received January 22, 2012; revised May 11, 2012; accepted July
7, 2012.
M. Peltokangas, J. Verho and A. Vehkaoja are with the Department of
Automation Science and Engineering, Tampere University of Technology,
P.O. Box 692, FI-33101 Tampere, Finland. E-mail for everyone: firstname.lastname@tut.fi.

be carried. It is also possible to automate it so that it does
not require any attention from the user. The aforementioned
benefits make using such system continuously in everyday life
possible.
In this study, we compared both HR values and HRV
frequency domain parameters obtained by bed sheet electrodes
to corresponding reference values obtained by disposable
Ag/AgCl electrodes. In addition, we developed an automatic
ectopic beat (EB) detector in order to show that the computerassisted ectopic beat detection is possible even though the
signal quality is not always good and the measurement lead
varies.
II. R ELATED W ORK
A. Methods for HR and HRV Detection
The night-time cardiac activity monitoring has been studied
by measuring the electrical as well as mechanical activity of
the heart. The most traditional method for long-term EKG
recording is Holter-type measurement device, which records
EKG data from 2–12 standardized measurement channels
(EKG leads). In our system, the measurement leads are not
standardized and they are changed during night when person
changes his sleeping posture. Thus, some of the EKG information provided by the Holter type devices is not available from
our system. Another limitation is the requirement of galvanic
skin contact, which means that the user cannot wear a shirt or
pyjamas while being monitored.
Ishijima [4] and Devot et al. [5] have studied unobtrusive
non-wearable night-time EKG measurements based on direct
skin contact by using large textile electrodes located on a
pillow and on the foot of the bed. An advantage of their
methods is that wearing a pyjama is allowed. On the other
hand, their system requires the pillow with connecting wires
located under the head. They also do not discuss whether thick
or long hair possibly affects the measurement. According to
the results reported by Ishijima [4], night-time HR can be
recorded 83%–93% of sleeping time. Devot et al. reported
the coverage percent ranging from 47.9% to 95.8% with an
average of 81.8%.
Lim et al. [6] have developed multichannel EKG measurement system by using capacitive electrodes. In their work,
the measurement electrodes were assembled into line onto the
mattress as in our system (Fig. 1), but a common reference
electrode was located in the foot of the bed. Despite the
multichannel measurement setup, they did not specify how the
channels were selected for the analysis. Most other capacitive
electrode configurations utilize wide electrode stripes spanning
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from bed side to bed side [7], [8]. Although capacitive EKG
measurements are absolutely unobtrusive, a drawback is that
they are extremely sensitive against artefacts and electromagnetic interferences. Wu et al. [7] reached a coverage factor of
98% in one night measurement performed in an RF-shielded
room. As a contrary, in measurements performed by Ishida et
al. [8] with a quite similar electrode configuration in a real
world environment, only 27% of the entire sleeping time was
covered.
Methods for night-time HR measurement based on the nonelectrical events of the cardiovascular system may utilize the
mechanical movement of the body caused by the heart beat or
the blood pressure wave signal. Like electrodes, also pressure
and force sensors can be used in HR measurement by attaching
them to the bed. In addition, the pulsatile blood flow can be
detected with a photoplethysmograph (PPG) sensor under the
bed sheet as Wong et al. have presented in [9].
Kortelainen et al. [10] used a pressure sensitive mattress
manufactured from EMFi (Electro Mechanical Film), that included as many as 160 sensor elements. Their research focused
on detecting different sleep stages. Paalasmaa [11] used a
piezo-electric bedpost vibration sensor developed by Finsor
Ltd. [12] in his work, where he developed signal processing
methods for enhancing the heartbeat detection accuracy by
compensating the effects of respiration on the waveform of
the heartbeats. Zhu et al. [13] studied HR and respiration by
using a pillow that had pockets filled with water and measuring
the pressure variations in the water. They used approximately
two-hour data periods from 13 different test subjects’ sleep and
the method gave 99.17 % average HR detection sensitivity.
Mechanical movements caused by the heart have also been
measured by Okada et al. by placing an accelerometer in the
bedding [14]. They noticed a large variation in the reliability
of the method for HR detection.
All the methods that are based on the measurement of
mechanical signals are very sensitive to movement artefacts.
This applies also to the movements of the other person or
persons sleeping in the same bed. In addition, the waveforms
recorded with non-electrical methods are not as clear and sharp
as R-peaks in EKG which may affect the accuracy of the HR
detection. Also ectopic beats (EB) are often missed with nonelectrical activity based methods because EBs do not influence
the pumping mechanism of the heart [10].
B. HRV Applications
In HRV analysis, we are usually interested in normal sinus
rhythm which is regulated by the autonomous nervous system
and thus gives valuable information on the stress state of the
body. For that reason, all ectopic beats (EB) originated from
somewhere else than the sinus node should be identified and
corrected since they skew the results. Correction is important
since e.g. according to Simpson Jr. et al. [15], more than 6%
of the American middle-aged adults suffer from premature
ventricular contractions.
An interesting application for HRV data is sleep staging. Nowadays, most clinical sleep studies are performed
in specialized sleep labs by using polysomnographic (PSG)

devices measuring e.g. EEG, EMG, EOG and EKG. The PSG
measurement is however expensive and extremely obtrusive
for the patient.
The frequency domain properties of HRV are commonly
used in sleep analysis. Generally, the HRV spectrum is divided
into very low frequency (VLF, ≤0.04 Hz), low frequency (LF,
0.04 Hz–0.15 Hz), and high frequency (HF, 0.15 Hz–0.4 Hz)
bands whose spectral powers vary in different sleep stages.
The change in the spectral powers is a result of the changes
in sympathetic and parasympathetic activity of the autonomous
nervous system: increased sympathetic activity indicates REM
sleep whereas the situation is contrary during non-REM sleep
[5], [16]. For instance, Devot et al. in [5] have studied textile
electrode EKG in REM/non-REM sleep classification reaching
good results. They detected REM sleep stages by using a
hidden Markov model classifier and utilized a decrease in HF
power and increase in VLF power during REM sleep. Kesper
et al. [17] have developed HRV-based sleep stage classifier
which is able to discriminate also non-REM stages 1–4 by
using the normalized LF/HF ratio, the relative HF peak power
and the variability of HF peak frequency. PDFA (Progressive
Detrended Fluctuation Analysis) is another kind of method
for sleep staging presented by Telser et al. in [18]. They
utilized different correlations in the RR series during REM
and non-REM sleep as well as uncorrelated heart beats during
transitions between different sleep stages.
The detection of sleep apnoea, which is a common sleep
disorder with incidence of 4% in adult men and 2% in adult
women, is another useful application of HRV [3], [19]. In
many cases, the spectral properties or periodic variations of
RR-series are utilized in sleep apnoea detection [3], [17].
Our current work focuses on validating the accuracy of the
HRV parameters recorded with the system. Sleep classification
and apnoea detection will be studied later.
III. M ATERIALS AND M ETHODS
A. The Bed Sheet Electrodes
The electrodes we are using are manufactured by embroidering silver coated polyamide yarn. The size of the oval shaped
electrodes is 32 mm × 22 mm. An insulating layer is used
under the electrodes in order to prevent the electrodes from
drying (after first moistened by the moisture of the skin). Wires
are connected to the electrodes by sewing them with silver
coated yarn and they are located between the mattress and the
bed sheet. The EKG signals in each seven channels are formed
by amplifying the potential difference between two adjacent
electrodes.
Since people are of different sizes and sleep in different
postures, a compromise was made with the electrode setup. If
the inter-electrode distance in bipolar HR measurement is too
wide, there would be cases where only one electrode has a
proper contact with the skin whereas too small inter-electrode
distance would narrow the measurement area and decrease
the magnitude of the EKG signal. Due to the limited number
of available measurement channels, we optimized the interelectrode distance so that the electrodes cover the bed sheet
(Fig. 1) as widely as possible, but at the same time are close
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Fig. 1. The EKG recording sheet and the measurement hardware used in
the test measurements.

or 213.8 hours. All subjects were male, aged 23–32 years,
173–185 cm, 64–80 kg and healthy without previously known
cardiac disorders. We also had a fifth test subject, person
E, but measurements performed by him are left outside the
analysis since his EKG contained a large number of premature
ventricular contractions (PVC) and was extremely distorted by
artefacts. However, PVCs were detected in his EKG in most
cases correctly by the automatic EB detector.
During the test measurements, the reference EKG signal was
recorded with conventional disposable Ag/AgCl electrodes.
The sampling frequency was 250 Hz. We did all the signal
processing off-line using Matlab and the periods of 5 minutes
were removed from the beginning and the end of each signal
before any signal processing.
IV. C HANNEL S ELECTION AND H EART R ATE D ETECTION

enough to each other so that at least two electrodes make
contact even when the person is sleeping in a lateral position.
Eight electrodes were sewn into a line onto the bed sheet,
forming seven EKG channels, so that electrodes are 9.8 cm
apart and cover a width of 69 cm (Fig. 1). We also made
additional test measurements with inter-electrode distance of
5 cm to verify that the distance could be further decreased if
the system would be used by a smaller person.
B. Measurement Hardware
Our measurement hardware consists of an EKG amplifier
circuit board and a data acquisition circuit board that communicates with a PC via USB. The amplifier board contains eight
EKG amplifiers, seven of them for the bed sheet EKG channels
and the remaining one for the reference EKG signal recorded
with conventional disposable Ag/AgCl electrodes. All channels are identical, having two amplifier stages. The first stage is
an instrumentation amplifier and the second is a non-inverting
gain stage. Between the amplifiers there is a first order highpass filter and after the second stage a second order 40 Hz
Butterworth low-pass filter.
The data acquisition board has a 16-bit successive approximation type eight channel analog-to-digital converter (ADC).
A microcontroller handles the controlling of the ADC and
relays the measurement data to the PC via a serial-to-USB
converter.
According to Rosell et al. [20], skin impedance varies
between 10 kΩ and 1 MΩ at frequency range of 10 Hz–100
Hz when an electrolyte gel is used without any other preparation. To estimate amplifier noise during EKG recording, we
connected a 47 kΩ resistor between two adjacent electrodes.
The unprocessed noise voltage corresponds to the input noise
of 6.47 µVrms when the measured pass-band gain (102) is
considered. After pre-processing the signal as described in
Section IV-A, the corresponding input noise voltage reduces
to 0.61 µVrms .
C. Test Measurements
We tested our system with four subjects, denoted with
person A, B, C and D, in their homes for a total of 29 nights

Compared with standard EKG processing, the biggest challenges that are encountered in R-peak detection are unknown
polarity and posture-dependent amplitude of R-peaks as well
as significantly increased signal artefacts and overall worse
signal-to-noise ratio. In our test measurements, the amplitude
of R-peak varied almost two orders of magnitude, which
occasionally causes difficulties in the separation of artefactrelated signal peaks from actual R-peaks. Similarly, the noise
amplitude of the pre-processed signal can be even higher than
R-peak amplitude in some other case. Since motion artefacts
and poor electrode contact disturb the signal heavily in some
cases, our aim was that the system would not produce any HR
output values when the signal quality does not allow R-peak
detection with sufficient confidence.
The R-peaks from the reference EKG signal were detected
with the same method as from the bed sheet EKG signal. To
get more reliable values, misdetected beats in the reference
EKG signal were corrected manually.
A. Signal Pre-Processing
Besides the analog filtering and gain in the measurement
electronics, we synthesized a 10th order Butterworth lowpass filter with a cut-off frequency of 30 Hz to remove the
50 Hz power line interference and other higher frequency
interferences. The low-pass filter is implemented with forwardbackward filtering, so the actual filter order is 20. Wandering
baseline is efficiently removed with a non-linear high-pass filtering using 100 ms moving median, suggested by Keselbrener
et al. in [21].
B. Channel Selection
To select the best EKG channel for HR detection from the
seven recorded channels, a 10-second period is extracted from
all pre-processed signals. In these signals, all possible R-peaks
(Fig. 2) whether they have positive or negative polarity, are
pre-detected based on a method proposed by Zhengzhong et
al. in [22].
To get threshold values for R-peak pre-detection, a 10second window is divided into five sections and the local
maximum and minimum as well as the steepest slopes (the
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35% of their average value.
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may change widely between people.
If a useful signal is found in more than one channel, the best
channel is chosen by calculating the ratio between the average
of the R-peak amplitudes and the variance of the noise level
(R-peakless grey curve in Fig. 2) and selecting the channel
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Fig. 2. Pre-processed EKG is composed of a noise (solid grey) and possible
R-peaks (solid black). Noise tolerance limits are shown as dashed black lines.

highest differences between consecutive samples) of each
section are detected. The extreme values and the steepest
slopes of each section are investigated in order to find the
tip of an R-peak as well as the rising and the falling edges
of a QRS complex. These quantities from the five sections
are averaged in order to find the initial values for thresholds
applied in R-peak pre-detection.
An amplitude threshold is set to 60% of the mean value
of maxima (or minima, if negative R-peak) in the 10-second
window and slope thresholds are set to 20% of the mean
values of maximum and minimum differences in the 10-second
window. Differing from Zhengzhong’s method, absolute lower
and upper limits for acceptable R-peak amplitudes were set
exploiting the magnitude of observed extreme values in test
measurements. In addition, we used an upper relative amplitude limit in R-peak detection: A peak is considered as a noise
peak if its amplitude is more than 2 times the amplitude mean
value in the 10-second window.
After pre-detecting R-peaks, the first quality assessment is
done on the signal by examining the noise level of the preprocessed signal. In the first step, the noise (solid grey line
in Fig. 2) is separated from possible R-peaks by excluding
all R-peak-centered 0.16 s long intervals (solid black line in
Fig. 2) from pre-processed EKG signal. Then, noise tolerance
limits are defined with expression ±0.35 × max (Ap , |An |),
where Ap and An denote the mean value of detected positive
and negative R-peak amplitudes, respectively. A channel may
contain useful EKG if the noise stays either below the upper
noise tolerance limit or above the lower noise tolerance limit.
The noise tolerance limits are set so that signal with definitely
too high noise level fails the test, but potentially useful signal
always passes it. An example of a signal that passes the test
is shown in Fig. 2.
On the second stage of the channel selection, a channel is
discarded if the signal is physiologically unreasonable, which
means that any of the following conditions is true:
• the mean value of the RR-intervals is less than 0.27 s
(corresponds a heart rate of 222 bpm),
• any of the RR-intervals is less than 0.2 s,
• any of the RR-intervals is longer than 2.5 s,

C. Channel Re-selection Conditions
If the quality of the signal on the selected channel drops
too much or if there is not found any R-peak, the channel has
to be re-selected. When a channel change occurs, it is always
marked as a break in the RR-series.
In a good-quality pre-processed signal, the noise level is
small and relatively constant since the baseline is forced efficiently near zero by removing the median as described earlier
while noisy signals have more variation due to incomplete
removal of the wandering baseline. Thus, the increased signal
variance in the interval between R-peaks in the pre-processed
EKG is used as an indicator for channel, re-selection which
is done if:
• the signal variance of the newest RR-interval (excluding
the R-peaks) is more than 50% of the variance of the
accepted signal (including the R-peaks) of the latest 4
seconds, or
• the same signal variance is more than 25% of the variance
of the accepted signal (including R-peaks) during the
latest 4 seconds and 4 times higher than the variance
of the 4 most recent accepted RR-intervals (excluding
R-peaks)
In addition, if the heart rate is significantly higher or lower than
normally, stricter noise thresholds than aforementioned will be
used to minimize the number of falsely detected R-peaks. In
this case significantly lower or higher heart rate means that
the RR-interval between the last accepted R-peak and R-peak
candidate is shorter than 0.5 s or longer than 1.8 s. In such
cases, the mean absolute difference of the pre-processed signal
in that RR-interval will be also checked and compared with
the maximum slope of the rising and falling edges of the QRS
complex. This is done because the signal with poor quality
varies a lot between successive R-peaks.
D. Heart Beat Detection
The R-peaks are detected for HR determination using
Zhengzhong’s method [22] as described shortly in section
IV-B. The initial values of the positive and negative slope as
well as the amplitude thresholds are inherited from the channel
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selection process. During the HR detection process, thresholds
are continuously updated by averaging the eight newest values.
Due to short-term HRV and breathing, the duration of
successive RR-intervals may vary significantly. If the period
where the next R-peak is searched is too long, it would
frequently cause cases in which R-peaks are skipped. On the
other hand, if the interval for the next R-peak search is too
short, a break would be caused to the RR-series since no Rpeak is found within a given interval. For these reasons, the Rpeak must be found within the window of 166% of the average
of the 10 newest RR-intervals. The use of several previous
RR-intervals instead of the single previous one prevents the
effects of deviant RR-intervals but ensures still fast adaptivity.
The window width is two seconds if less than five R-peaks
have been found after the last channel re-selection since HR
might have been significantly higher before than after channel
re-selection.
Secondary amplitude thresholds are tried if the R-peak is
not found within the given time interval. In such cases, 40%
(instead of 60%) of the aforementioned amplitude mean value
is used as a lower limit and 300% of the amplitude mean value
is used as an upper limit. If successive R-peaks are found
within short interval (smaller than 40% of the mean value of
the 10 newest RR-intervals), another R-peak is tried to find
before the end of the window under processing. If another
R-peak is found, the first one is discarded as a noise peak,
otherwise the process continues normally.
One problem is that we do not know if the R-peaks are
negative or positive. If the absolute value of the negative
threshold is at least 90% of the positive threshold and vice
versa, peaks with both polarities are searched. If peaks with
opposing polarities are detected within 200 ms, the first one
is selected for HR calculation.
In R-peak detection, a fiducial point of each R-peak is
marked where the pre-processed EKG curve reaches its local
extremum. In order to obtain better temporal accuracy in Rpeak detection [23], the 2nd order polynomial is fitted to the
set consisting of 3 points: the fiducial point and its two nearest
sample points. After a 2nd order polynomial interpolation, the
location of the fitted curve peak value is saved as a refined
R-peak location.
E. Heart Rate Post-Processing
A special post-processing method was implemented to decrease especially the false-positive (FP) R-peak detection rate
and to distinguish ectopic beats from normal sinus beats. Since
the channel re-selection always causes a break in the RRseries, there may be breaks in the RR-series although no heart
beat is missed. During post-processing, also these unnecessary
breaks in the RR-series are removed and two piecewise periods
are combined.
1) Ectopic Beat Detection: Automatic EB detection could
be done e.g. by examining the EKG morphology: QRS
complex duration, R-peak amplitude, P-wave morphology,
intervals between different EKG waveforms and utilizing the
redundancy of different EKG leads. The utilization of P-wave
morphology and intervals between different waveforms except

Fig. 3. An example of correctly detected ectopic beats (EBs) in low-pass
filtered bed sheet EKG. Detected EBs are marked with a triangle. Circles on
the baseline are the locations of corrected interpolated heart beats.

R-peaks are not suitable with the proposed system since the
signal quality is not always good enough to detect these
features.
Our EB detector prototype is based on the longer duration,
different amplitude and abnormal temporal location of a QRS
complex compared with the normal sinus rhythm. The QRS
duration and R-peak amplitude are obtained during R-peak
detection process whereas the locations of R-peaks are investigated during the post-processing stage. Since we have not had
enough test subjects with cardiac arrhythmias, we are not able
to claim that fully automatized EB detection is always possible
for the signal obtained with textile electrodes. For that reason,
we can only state that computer assisted EB detection would
help the data analysis. An example of correctly detected EBs
is seen in Fig. 3.
2) RR-series Correction: After EB detection, continuous
RR series with less than 4 RR-intervals are discarded, since
the quality of the signal is checked first time after five detected
R-peaks. Next, the unnecessary breaks caused by channel reselections are removed and the RR-series separated by such
break are combined (Fig. 4) if
• the time difference between two R-peaks surrounding the
break is less than 166% of mean value of all RR-intervals,
• the minimum interval between the three closest R-peaks
on both sides of the break location is more than 0.27 s
and
• the mean absolute deviation (MAD) of totally seven RRintervals (three RR-intervals before and after the break
and one is formed by removing the break) is less than
15% of the mean value of all RR-intervals.
With regard to the last-mentioned condition, the break will be
removed also if the MAD of the RR-intervals between the last
R-peak before the break location and first three R-peaks after
the break location is less than 15% of the mean value of all
RR-intervals. The limits above are set so that if noise peaks are
detected as R-peaks just after or before channel re-selection,
the break is not removed.
Since incorrectly detected extra R-peaks might appear especially before or after channel changes, the next step is to focus
on a few nearest R-peaks surrounding the breaks in the R-peak
sequence. If the MAD of the 2–7 successive RR-intervals is
more than 20% of their local mean value or the minimum of
those RR-intervals is less than 0.27 s, those peaks are deleted.
In some cases, this operation removes correctly detected R-
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Fig. 5. Noise peak detection: The peak at index i + 1 is determined to be
a noise peak and will be removed.

F. HRV Frequency Domain Parameter Calculation
Fig. 4. (a) Bed sheet EKG and reference signal (offset by −0.5 mV) and
(b) corresponding RR-series. Channel reselection process has been initiated
at around 2 s and again at 26 s because of significant artefacts in the signal,
causing two breaks to the RR-series. Between 2 s–7 s, the signal quality
has been too low in all channels and a new channel has not been found
immediately and missed R-peaks result an unremovable break in the RR-series
between 2 s–7 s. At 26 s, a new channel with sufficient signal quality is found
immediately and the break has been removed during HR post-processing.

peaks, but its benefits in decreasing the number of erroneously
detected R-peaks are bigger than its disadvantages. Despite
this operation, the HR detection coverages presented in Table
I are still high.
In our tests, particular electrical devices caused waveforms
resembling R-peaks. These RF interference (RFI) spikes might
get detected as R-peaks as in Fig. 5. To reduce the false
detections caused by the RFI transients, the average of the
three smallest RR-intervals of R-peaks in the peak sequence at
[i − 4, i] is calculated. If all the R-peaks in the peak sequence
at i, i + 1 and i + 2 are found to be within 1.3 times the
aforementioned average and the RR-interval between the Rpeaks at i + 2 and i + 3 is more than 0.7 times that self-same
average, the R-peak at i+1 or i+2 may be incorrectly detected
(Fig. 5). An extra peak at i + 1 or i + 2 is removed so that the
MAD of the RR-intervals between the R-peaks at [i − 4, i + 2]
minimizes. If the MAD of the RR-intervals between the Rpeaks at [i − 4, i + 2] is smaller without deleting one peak,
then the peak is not discarded.
Next, two adjacent RR-intervals are compared with each
other and if their length deviates too much (e.g. their MAD
is more than 40% of their mean), those RR-intervals are
discarded. This is done in order to find skipped heart beats and
noise peaks that were not removed previously. For instance,
if there were 2 adjacent RR-intervals whose MAD is 35% of
their mean, there is one RR-interval which is over 2 times
longer than the other one. Final step is to remove too short
continuous RR-series and corresponding R-peaks because they
are often from an erroneously selected channels.

The standard HRV frequency domain analysis can be divided into two classes: the analysis of entire 24 h recordings
and the analysis of short-term (5 min) recordings measured
in physiologically stable conditions [23]. However, it is more
practical in studies on HRV based sleep staging — like Devot
et al. in [5] — to use 30-second epochs so that the results
would be comparable with values obtained by traditional
analysis of PSG. We computed frequency domain parameters
with Welch’s method using 30-second epochs, first removing
the mean and interpolating RR-series with spline interpolation
at the sampling frequency of 4 Hz [24].
V. R ESULTS AND D ISCUSSION
The results of HR recognition performance are presented
in Table I. The root mean square error (RMSE) for the RRintervals has been calculated by comparing the values obtained
by the bed sheet electrodes and the reference electrodes at
those sections where both signals have been acquired.
The majority of the cases where the HR detection failed
(heart beats were missed or detected wrongly), occur during
the sleeping posture changes or during smaller movements.
This information can however, be used in sleep quality analysis: a large amount of breaks in the EKG and RR-series may
indicate nervous sleep.
As in [25], the time domain parameters of short time HRV,
such as RMSSD (the square root of the mean squared differences of successive RR-intervals) and SDSD (the standard
deviation of differences of successive RR-intervals) obtained
from bed sheet electrodes are very close to the corresponding
reference values. As a contrast, the standard deviation of all
RR-intervals (SDRR) computed from the signal of the bed
sheet electrodes differs more from the reference values. This
is because of the movements cause an increase of HR and these
parts are missed with the bed sheet because of the movement
artefact.
The HR detection coverage for a single night was in most
of our measurements significantly over 90%, with a range of
85.05%–98.98% and the average being an excellent 94.90%.
Table I shows the average values for each test subject. The
straightforward comparison between our results and some
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TABLE I
T HE RESULTS OF HR MEASUREMENTS FOR HEALTHY SUBJECTS .
Test
Nights
Subject
A
10
B
8
C
4
D
6
Weighted average

Total
length (h)
72.39
58.08
26.98
56.37

RMSE
(ms)
2.52
5.31
3.80
6.46
4.48

HR
Coverage (%)
97.05
96.55
97.02
89.43
94.90

TABLE II
T HE RESULTS OF HRV MEASUREMENTS FOR HEALTHY SUBJECTS .
Test
Subject
A
B
C
D
Weighted
average

HRV
Coverage
(%)
91.90
88.32
89.42
72.80
85.59

Relative Mean
Absolute Error (%)
LF
HF
LF/HF
0.76 4.78
3.23
0.89 2.56
1.66
0.71 1.24
0.90
1.15 5.44
2.06
0.89

3.90

2.20

other studies is not possible since error rates are expressed differently or the results are reported for shorter, non-over-night
recordings. The HR detection coverage values we achieved are
significantly higher than what has been reported by Devot et
al. [5] (81.89%) and Ishijima et al. [4] (83%–93%). In addition
to high coverages, the RMSE of RR-series was in low level
varying 0.94 ms–10.57 ms with the weighted average of 4.48
ms. Corresponding RMSE in beat-to-beat HR signal varied
between 0.10 bpm–0.58 bpm with the weighted average of
0.27 bpm.
While HR detection coverage is high, the single night coverage for HRV frequency domain parameters varies between
61.9%–96.6% with weighted average over all the nights of
85.6% (Table II) when 30-second windowing is used. The
difference is explained by different initial requirements: In
order to calculate HRV frequency domain parameters, a fixedlength (in this case 30 s) continuous RR-series is required
whereas beat-to-beat HR can be obtained also for shorter continuous RR-series. Generally, the coverage percent is strongly
dependent on the incidence of breaks in the EKG signal: if
the signal of the whole night recording is heavily distorted,
channel reselections and breaks in RR-series exist frequently.
One method to improve these percent is the interpolation
of RR-series when a short break occurs, but the reliability
of the result with such method is not necessarily sufficient.
Although, when the system is able to calculate frequency
domain parameters of HRV, they are very often nearly identical
compared to the reference signal as can be seen as small
relative mean absolute errors in Table II and in Fig. 6.
As the error rates in Tables I and II show, higher error rate
in HR detection does not necessary cause bigger error in HRV
parameters. Because of noise peaks detected as extra R-peaks,
in many cases the error in HF power is clearly more significant
than the error in LF power.
In many cases, it is challenging to distinguish whether an
abnormal peak is caused by interferences or an ectopic beat.
In some cases the error rate is also slightly increased by
EB detector since the marginal amount of false positive EBs

Fig. 6. (a) The magnitude of high frequency (HF) components in normalized
units. (b) LF/HF ratio over a 10-minute period. The bed sheet EKG contains
artefacts at 219 min and 222 min, resulting missing values.

occurred mostly when a noise spike was marked as EB and
corrected wrongly instead of removing such one. Thus, the
results can be improved by disabling the EB detector if it is
known that the person does not suffer from these.
An example of the high frequency (HF) power and LF/HF
ratios, calculated by using a 30-second windowing, are presented in Fig. 6 over a 10-minute period. In order to make
the figure more readable, the magnitude of HF components
has been normalized by calculating the ratio between the HF
power and the remainder of total power and VLF power [23].
As can be seen from Figs. 2, 3, 4 and 5, the bed sheet EKG
signal amplitude and quality vary widely depending on the
sleeping posture and the electrode humidity level. As contrast
to low signal levels shown on these plots, the R-peak amplitude
may be also as high as 5 mV. The effect of dry electrodes can
be seen as poor signal-to-noise ratio in Fig. 2: the test subject
has just changed his position causing channel re-selection. We
also observed that the location of the electrodes in the axial
direction of the body may affect the quality of the signal, but
this never caused problems if the bed sheet was set so that
electrodes were initially at the correct location.
We have developed a novel unobtrusive night-time cardiac
monitoring system consisting of small textile electrodes that
are unnoticeable when lying on a bed. Despite the promising
results, further development is required. For instance, the use
of an additional mechanical movement sensor would help
to distinguish artefact signal peaks from the actual R-peaks
and help us to reduce the need for signal post-processing.
The information on test subject’s movements could prevent
unnecessary breaks in such cases where the noise level is
slightly too high, causing a channel re-selection although Rpeak detection would still be possible. Additionally, this would
provide information on the subject’s respiration rate.
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ABSTRACT
An unobtrusive bed integrated system for monitoring physiological parameters during sleep is presented
and evaluated. The system uses textile electrodes attached to a bed sheet for measuring multiple channels
of electrocardiogram. The channels are also combined in order to form several additional ECG leads. One
lead at a time is selected for beat-to-beat-interval detection. The system also includes force sensors located
under a bed post for detecting respiration and movements. The movement information is also used to assist
in heart rate detection and combining the ECG derived respiration information with respiration information
derived from force sensors, is investigated. The authors tested the system with ten subjects in one hour recordings and achieved an average of 95.9% detection coverage and 99 percentile absolute error of 3.47 ms for
the BB-interval signal. The relative mean absolute error of the detected respiration cycle lengths was 2.1%.
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INTRODUCTION AND
RELATED WORK
Automatic monitoring of night-time physiological information, especially the heart rate,
the respiration rate and the movements can be
used in various applications. Examples include
the screening of medical disorders like sleep
apnoea (Ayas et al., 2003; Roche et al., 1999)
and monitoring of sleeping quality (Bulckaert et
al., 2010) or psychophysiological stress (Hall et
al., 2004). Polysomnography is currently used as
the standard method for collecting reliable and
multiparametric data from a sleeping person.
Its biggest drawback is the high cost, which
is the result of the requirement of specialized
medical personnel and dedicated examination
facilities. As a result, all the potential sleep
disorder patients cannot be examined and the
monitoring is usually done during one night
only. The discomfort caused by wearing the
measurement equipment may also affect the
sleep and skew the results.
Wrist actigraphy is another examination
technique increasingly used for sleep analysis. It
can be used in a variety of sleep studies including longitudinal monitoring of night-time sleep
patterns and circadian rhythm in the natural
sleeping environment of the patient (Martin
& Hakim, 2011). As the name implies, wrist
actigraphy monitors patient’s activity through
a wrist-worn device using accelerometers or
other motion sensors. The benefit is that the
device is relatively unobtrusive and the data can
therefore be collected for extended periods of
time. On the other hand, the device only offers
one modality of information, activity, which
limits its usability and the achievable accuracy.
In recent years, researchers have started
to investigate technologies that combine the
positive features of the aforementioned monitoring methods. This means technologies that
are unobtrusive like the wrist actigraphy, but
would still be able to provide more detailed
physiological information about the state of
the person being monitored. Heart rate (HR)
and respiration rate (RR) or respiration cycle
length (RCL) are other interesting parameters

besides the activity. These technologies can
also be realized so that they do not require any
effort from the user, which enables the collection of longitudinal data and consequently
a more comprehensive view of the person’s
sleeping behavior being formed. In the future,
these kinds of monitoring systems can also be
integrated as a part of a wider eHealth system
to provide nocturnal physiological information
for supporting the decision making.
Ballistography (BG), which means the
measurement of the mechanical signal produced
by the heart beat or pulsatile blood movement
and breathing is able to provide all the desired
physiological parameters; HR, RR, and activity (movements). Recent studies that have
focused on the night-time HR detection based
on the ballistocardiographic (BCG) signal have
reported average HR errors between 0.34%
(Kortelainen et al., 2010) and 1.79% (Brüser
et al., 2011). We obtained an average error of
0.45% in an earlier yet unpublished study by
using force sensors under all four bed posts. Also
the detection coverage of the HR is important
for reliable sleep analysis. Long continuous
beat-to-beat-interval (BBI) series enable a more
reliable calculation of heart rate variability
(HRV) parameters, which are commonly used
in sleep staging and sleep quality evaluation. We
achieved approximately 91% average recognition coverage with the ballistographic method
in unsupervised recordings while Kortelainen
et al. (2010) reported 88% coverage. Brüser et
al. (2011) reported 95% coverage but they had
instructed the test subjects to stay still during
the measurements.
Even though the fairly good accuracy and
high recognition coverage of the BBI data can
be achieved with ballistographic sensors, it still
may not be the optimal method for gathering
the heart rate information. We achieved 95%
recognition coverage and an average of 0.27
beats per minute (bpm) or 4.48 ms root-meansquare error with a system that measures contact
ECG using textile electrodes sewn on a bed
sheet (Peltokangas et al., 2012). Other studies
have reported detection coverages between
82% and 93% with large textile electrodes that
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have been located on a pillow and to the foot
of the bed (Devot et al., 2007; Ishijima, 1997).
These electrode locations allow the user to wear
pajamas as long as the electrodes are in contact
with the skin. In our system, the electrodes are
attached to the bed sheet in the transversal direction approximately to the height of the chest,
thus requiring naked upper body. The accuracy
of the detected BBI data was not defined by
Devot et al. (2007) or Ishijima (1997) but the
probability of erroneously detected R-peaks is
obviously higher than when using regular ECG
electrodes. Also bed integrated non-contact
capacitive ECG monitoring has been studied
(Ishida et al., 2007; Lim et al., 2007; Wu &
Zhang, 2008). The benefit of these systems is
that the user is allowed to wear pajamas, but
they are much more prone to movement artifacts
and electrical interferences and therefore do not
necessarily provide benefits when compared
with the ballistographic technique.
Besides the heart rate, also the respiration
rate or respiration cycle length is an important
and widely used physiological parameter in
sleep analysis. Many authors who have developed ballistographic methods for the detection
of night-time physiological parameters have
developed (besides HR detection) methods for
RR or RCL detection. Paalasmaa et al. (2011)
used multiple low-pass filters suited for different
RCLs for filtering the original ballistographic
signal and then selected the output of the filter
that produced the most consistent breathing
amplitudes for RCL calculation. Wang et al.
(2003) used a single component of the wavelet
transformed BG signal and an adaptive threshold
to count the breathing cycles. The breathing
rate can also be detected from the ECG signal.
Orphanidou et al. (2013) used the power density
spectrum of the R-R-interval signal to find the
frequency of the respiratory sinus arrhythmia
(RSA) and combined that with the spectrum
of the R-peak amplitude signal. They used the
method for estimating the average respiration
rate in one minute time windows. Avci et al.
(2011) evaluated the performance of six different ECG based respiration detection methods in
average and instantaneous RR interval detec-

tion. From the evaluated methods, a combination
of the RSA signal and a band-pass filtered (0.2
– 0.8 Hz) ECG signal performed the best and
gave 0.45 as the correlation coefficient with the
reference instantaneous respiration rate.
In this paper, we are combining these
two measurement modalities; unconstrained
contact ECG and ballistography in monitoring
of night-time heart rate and respiration cycle
lengths and investigate whether combining
their information could improve the detection
performance of the physiological parameters.

MATERIALS AND METHODS
Measurement System
Our measurement system consists of eight
textile electrodes placed transversally on the
bed sheet, their amplifier electronic, two force
sensors placed under a bed post, data acquisition
(DAQ) device for sampling the signals, and a
PC computer for storing the data.
We used a custom made 16-channel DAQ
for sampling the sensor signals. The input
voltage range of the device is ± 2.18 V with a
resolution of 67 μV. The RMS noise level of
the DAQ is less than 0.5 quantization units. The
DAQ is capable of transmitting the measurement data either through USB or by a wireless
Bluetooth link. We used the USB mode in these
tests because the application at hand does not
require mobility. The maximum sampling rate
with the wired connection is 1 kHz per channel
but 250 Hz was found high enough for the ECG
and BG recording.

Bed Sheet ECG Measurement
Electronics
The electrodes we are using are manufactured
from silver coated polyamide yarn by embroidering. The size of the oval shaped electrodes
is 3.2 cm × 2.2 cm. A moisture barrier layer is
used under the electrodes in order to slow down
the drying of the electrodes after they are first
moistened by the moisture of the skin. Earlier
we used 9.8 cm inter-electrode distance (Pel-
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tokangas et al., 2012), but in the current setup
we decreased the distance to 5 cm. Shorter
inter-electrode distance enables combining
several ECG channels, which increases the
signal-to-noise ratio (SNR) of the ECG as well
as gives more choices for channel selection.
Our ECG amplifier contains eight measurement channels. Seven channels are used for the
bed sheet ECG measurement and the remaining
one for the reference ECG recorded with conventional disposable Ag/AgCl electrodes (Blue
sensor L-OO-S) manufactured by Ambu. All
the channels are identical, having two amplifier stages. The first stage is an instrumentation
amplifier and the second is a non-inverting gain
stage. Between the amplifier stages there is a
first order high pass filter and after the second
stage a second order 40 Hz Butterworth low-pass
filter. The amplifiers used for the sheet ECG
measurement are arranged so that each of them
amplifies the potential difference between two
adjacent electrodes.
Eight electrodes placed 5 cm apart cover
a 38 cm wide area in the middle of the bed. In
order to maximize the ECG signal quality, the
pillow should be located so that the electrodes
are approximately 10 – 25 cm from the edge
of the pillow. Even larger variation in the axial
electrode location is tolerable in most cases but
we have noticed that especially when sleeping
on the right side, the ECG signal quality usually starts to decrease when the electrodes are
located more than 20 cm down from the arm pit.

Ballistography
We use two force sensitive electret film sensors
made of Electro Mechanical film (EMFi) material to measure ballistography and movement
signals. Both sensors are located under the top
left bed post. The size of the sensors is 1 cm
x 2 cm and their approximate sensitivity is 1
V/N. The high input resistance of the DAQ
device (10 GΩ) allowed us to connect the sensors directly to the device. 10 GΩ resistance
in parallel with the capacitance of the sensor,
the measurement cable, and the DAQ’s input
(together approximately 300 pF), forms a high-

pass cut-off frequency of approximately 0.05
Hz. Our signal processing algorithm uses the
information acquired with the ballistographic
sensors for two purposes: firstly, for measuring
the respiratory information and secondly, for
assisting in ECG signal processing by providing
movement information.

Signal Processing
The signals of the two sensor modalities, bed
sheet ECG sensors and bed post force sensors,
are basically processed separately but the movement information provided by the force sensor
is used to assist in processing the sheet ECG
signals. We did all the digital signal processing
offline using MATLAB®.

Combining and Selecting the
Bed Sheet ECG Channels
Before combining the bed sheet ECG signals,
they are first low-pass filtered digitally using
a 10th order filter having Butterworth-type
response and 30 Hz cut-off. The ECG signals
are then combined in order to form new ECG
measurement leads. This is done simply by adding the signals of adjacent channels together.
Combining the signals of adjacent bed sheet
ECG channels increases the signal quality
in two ways. Firstly, the noise caused by the
measurement electronics and the interferences
in the skin-electrode interfaces is independent
between the channels whereas the ECG signal is
not independent. This increases the SNR by the
square root of the number of combined channels.
The more important source of improvement is
the increased distance between the measuring
electrodes, which according to the lead field
theory, increases the measurement sensitivity
deeper in the torso where the signal source,
heart, is located (Puurtinen, 2012). Figure 1
shows an example of the improvement of the
sheet ECG quality when the signals of three
channels are combined.
As seen in Figure 1, the channels can be
combined simply by adding the signals of
adjacent bed sheet channels together. All pos-
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Figure 1. An example of low quality bed sheet ECG signals from three measurement channels
(upper traces). The R-peaks become more distinguishable when the signals are combined (bottom trace). Traces are offset for the sake of clarity.

sible combinations of one to seven bed sheet
channels, altogether 28 channel combinations
are thus formed. The final pre-processing step
is the high-pass filtering of the signal with the
non-linear method proposed by Keselbrener et
al. (1997): 100 ms sliding median is subtracted
from the signal, removing efficiently low frequency components but leaving the R-peaks
untouched.
The signals are then fed to the channel
selection algorithm, which chooses the channel with the best signal quality to be used in
BB-interval detection. The best channel is selected by taking a 10-second sample of all the
channels, then detecting the R-peaks (all peaks
with distinctive amplitude and steep enough
rising and falling edges), and finally selecting
the channel with the highest ratio between the
average peak amplitude and the variance of
the remaining baseline signal (power of the

noise signal). It is important to notice that the
preprocessing, removing the 100 ms median,
suppresses all low frequency components e.g.
T-wave from the signal and the remaining part
essentially consists of higher frequency noise.
If none of the signals fulfill the minimum
requirements of the signal quality, then no
channel is analyzed and the channel selection
is tried again after one second. The minimum
requirements are that the found R-peak candidates or BB- intervals should be physiologically reasonable and their amplitude as well
as the SNR should be within predefined limits.
Depending on the sleeping posture, R-peaks
may be negative or positive and both cases
need to be considered. A detailed description
of the algorithm can be found in (Peltokangas
et al., 2012). The channel selection procedure
is repeated if the quality of the ECG on the
currently used channel decreases too much.
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Heart Beat Detection and
BBI Post-Processing
After the best channel is selected, R-peaks
are searched from it. The R-peak detection
algorithm is based on finding all the distinctive peaks similarly as in the channel selection
phase. The algorithm is based on the method
published by Zhengzhong et al. (2011) with
some modifications. After finding the R-peaks,
a second order polynomial fitting is used to find
the exact peak location with sub-sample interval
accuracy. The polynomial is fitted to three data
points by taking one sample from both sides of
the original R-peak sample.
After the whole recording has been analyzed and potential R-peaks have been found,
the resulting BBI series is processed in order
to find possible false positive detections caused
e.g. by electrical interference by investigating
the peak interval signal. Earlier we have also
developed an ectopic peak detector that finds and
removes possible “not sinus node”-originated
peaks based on their different morphology
(Peltokangas et al., 2012). These ectopic peaks
should be removed before using the BBI signal
in the HRV analysis because they are not controlled by the autonomous nervous system. The
BBI post processing algorithm also combines
the BBI segments computed before and after the
channel reselections if it concludes that no Rpeaks have been missed during the reselection.

Movement Detection
with Force Sensor
We have used a variance of a four second sliding window for monitoring the amplitude level
of the force signals and detecting excessive
movements. These sections are excluded from
the force sensor based RCL detection because
the weak respiration signal is buried under the
movement signal, which usually is several
orders of magnitude stronger. The threshold
level for the movement detection is determined
empirically and is twenty times the median
variance of the whole recording, calculated in
four second windows. Additional five seconds

of data is also discarded before and after the
detected movements.
The output of the movement detector
should not be used directly to exclude the sheet
ECG data because in most cases the sheet ECG
quality is adequate for the HR detection also
during small movements. We have used the
movement detector to assist in the decision
of launching the channel reselection process.
When the SNR of the sheet ECG is so small
that the channel reselection would normally
be initiated, the movement detector is used for
checking whether the small SNR is a result
of increased movement artifacts. We have
noticed that a smaller SNR can be tolerated if
no movement is present without compromising
the HR detection accuracy. Therefore the HR
detection can be continued without reselecting
the channel if the deterioration of the SNR is
caused by something else than movements. In
this case a lower limit for the minimum allowable SNR is used.

Respiration Cycle Length
Detection with Force Sensors
The respiration rate is normally defined from
signals recorded with respiration inductance
plethysmography (RIP) sensors that measure
the changes in the circumference of the chest
and abdomen, or signals of temperature sensors
measuring the air temperature in front of the
mouth and nostrils. These sensors produce fairly
consistent sinusoidal like waveform during
normal breathing as can be seen from the Figure
2a and respiration cycles can be detected e.g. by
finding the time differences of local maxima in
the signal. Waveform produced by BG sensor on
the other hand is not always this consistent and
the detection of the RCL is not as straightforward
as with the RIP and temperature sensors. As
can be seen from the Figure 2b, the signal of
the force sensors sometimes includes a certain
kind of a dent or a deflection at the location
of the signal peak, which is physiologically at
the end of the inhaling phase. The frequency of
these dents is around 1.5 – 2 times higher than
the actual respiration frequency and the signal
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Figure 2. A 200-second example of a force sensor based respiration recording. The reference
signal recorded with a thermistor is shown in a) and the signals of the force sensors filtered
with different pass bands in b) (offset for clarity). The respiration cycle length suggestions based
on the signals of b) are shown in c), the square sum of the closest suggestions along with the
threshold for discarding the RCL value in d), and the RCLs detected with the reference sensor
and force sensors in e).
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should be filtered with a cut-off that is between
these two. The respiration cycle lengths usually vary between 2 s and 10 s (0.1 – 0.5 Hz),
which means that one single filter does not suit
all respiration rates.
Our breathing rate detection is based on
filtering the ballistographic signals with four
different band-pass filters and then finding
the rising and falling zero crossings as well as
the local maxima and minima for all the filter
outputs. After this, the repetition intervals of
each parameter are calculated and used as
possible respiration cycle lengths. Filtering the
ballistogram signal with different pass-bands
for respiration detection was earlier used by
Paalasmaa et al. (2011).
The low-pass cut-off frequencies of four
filters were 0.154, 0.22, 0.433, and 0.5 Hz and
the high-pass cut-offs were 0.1 Hz in all filters
except the first one that had 0.05 Hz cut-off.
The filter order has to be high enough so that
the undesired part of the signal is attenuated
without too much affecting the amplitude of
the basic sinusoidal component. On the other
hand, the order should not be too high so that
it does not distort the shape of the signal when
the basic frequency is close to the cut-off. The
same applies if the filter (e.g. elliptic) is otherwise designed so that its transition band is very
narrow. Fourth order filters with Butterworth
response gave the best results in our tests.
The respiration cycle length suggestions
are further processed by interpolating them
into 1 second sample interval. The respiration
cycle length is then determined by finding the
densest cluster formed by at least 20% of the
RCL suggestions. Figure 2 c shows an example
of the distribution of the suggestion and a clear
cluster formed by them. We also set a minimum
limit for the cluster density meaning that if the
square distance of the closest suggestions (20%
of all) is too high, no RCL value is selected for
that time instance. As seen from the Figure 2
e, also correct values will sometimes get discarded but on the other hand loosening the limit
would increase the amount of incorrect results.
Introducing this RCL discard criterion allowed
us to shorten the time around the movements

when the RCL values are always abandoned
as unreliable from previously used 15 seconds
to 5 seconds, which led to an increase in the
coverage of the detected RCL.
The final step in the RCL detection is post
processing. Sometimes the RCL suggestions
show two apparent clusters and it may happen that the wrong cluster has smaller square
distance in certain time instances. In order to
detect these, we check if each RCL value is
less than 1 s apart from the median of three
consecutive RCLs, where the one that is being
checked is in the middle. This way single peaks
that deviate more than 1 s from the surrounding
values are detected and replaced with the mean
of surrounding values.

Data Fusion in the RCL Detection
We also tested if the respiration information
obtained from the bed sheet ECG signal could
be combined with the RCL calculated from the
force sensor signals. The performance of the
ECG based RR or RCL detection presented in
the earlier studies (Orphanidou et al., 2013; Avci
et al., 2011) has not been as good as what we
obtained earlier by using the force sensors, so
our basic approach was to use the force sensors
as the primary RCL detection modality and then
use the ECG based respiration to complement
the gaps left in the force sensor RCL time series
(if possible). The possible benefit of using the
ECG in addition to the force sensors is that it
is not so sensitive to the movement artifacts.
For example, small movements of limbs do not
interfere the sheet ECG signal as long as the
electrode contact remains good.
We used two signals calculated from the
bed sheet ECG and recognized R-peaks to determine the RCL: the RSA and the modulation
of the R-peak amplitude caused by the variation in the lead field and the heart orientation
due to the breathing movement. We call this as
RPA. The same signals have been earlier used
e.g. by Cysarz et al. (2008) and Orphanidou et
al. (2013) for calculating the respiration rate
from ECG that is recorded with conventional
electrodes in fixed locations. The RSA and
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RPA signals are interpolated to 0.1 s sample
interval using cubic spline interpolation. Then
both signals are processed in a similar way as
the force sensor signals (filter with different
pass bands, find RCL suggestions and select
the clusters dense enough) in order to find the
respiration cycle lengths. Finally, the gaps left
to the force sensor based RCL signal are filled
with the ECG based RCL values in cases where
they are available.

Reference Sensors
The reference ECG signal was recorded using
regular disposable electrodes attached to the
chest. The electrode locations were selected so
that they did not interfere with the sheet electrodes. The heart rate was calculated using the
same algorithm as with the sheet ECG signals.
The reference breathing rate was measured
using an NTC thermistor placed inside a breathing mask. The resistance of the thermistor was
measured, converted into the temperature, and
filtered. The respiration rate was calculated
from the band pass filtered temperature signal
by finding the maximum of each signal segment
on the positive side. These points correspond to
the end of the inhale phase. Finally, the signals
were visually inspected and false or missing
detections were corrected. We also found
short sections from the recordings of four test
subjects, where the amplitude of the reference
breathing signal was significantly decreased. We
interpreted these sections as breathing obstructions and discarded them from the analysis. In
overall, the amount of discarded data was much
less than one percent of the total recording time.

Test Measurements and Subjects
We made test measurements with eight male and
two female subjects (subjects number 6 and 10).
The subjects were 23-33 year old, normal weight
and had no history of cardiovascular problems
or sleeping related breathing disorders. The
measurements were made in a laboratory setting
using an 80 cm wide spring mattress bed. The
subjects were allowed to change their sleeping

posture freely. The length of the recordings was
approximately one hour and most of the subjects
fell asleep during this time.

RESULTS AND DISCUSSION
BBI Detection Coverage
Table 1 shows the heart rate detection coverage
for each test subject with different electrode
configurations as well as the effect of using the
force sensor for assisting in the decision of initiating the channel reselection. The ECG signal
of the subject 7 was so weak that the algorithm
was not able to detect the HR from the raw ECG
signals recorded with 5 cm electrode distanced
and we therefore excluded the subject from the
calculation of the average results.
The first and the third column in the Table
1 show the BBI detection coverage when the
force sensor is used and is not used in assisting
the channel reselection, respectively. As seen
in the table, using the force sensor information
improved the average BBI detection coverage by 0.8 percentage points from 95.06% to
95.85%. We can also say that the amount of
undetected BBI signal was decreased by 16%.
Using the force sensor can only have an effect
when channel reselections occur. The subject
10, for example, stayed in the same position
during the whole measurement and the channel
was reselected only once. Therefore the use of
the force sensor does not bring any advantage
in this case. While the improvement in the
coverage provided by the force sensor is fairly
small, a more important aspect is that because
the channel is not changed so easily, there are
overall less channel changes and the segments
of continuously detected BBI data are thus
longer. This benefits especially the calculation
of frequency domain HRV parameters, which
are usually calculated in sleep analysis from 30
or 60 second long data segments.
Earlier we achieved 95.1% average recognition coverage in overnight measurements by
using 9.8 cm inter-electrode distance and not
combining the channels (Peltokangas et al.,
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Table 1. The effect of the force sensor and the channel combination on the BBI detection coverage and the uncertainty of the BBI detection
Heart Rate Detection Performance
Subject Number

Cov. Forcea

99 perb

Cov. no
Forcea

99 perb

Cov.
10 cma

Cov
5 cma

1

97.19

1.71

97.16

1.64

96.93

96.72

2

97.31

2.75

97.37

3.25

96.77

96.33

3

92.94

4.88

91.30

3.57

87.77

85.74

4

88.96

3.87

86.74

3.80

71.78

84.18

5

97.10

2.53

96.93

2.65

95.74

78.14

6

92.42

3.29

89.31

3.12

67.17

39.08

7

61.25

4.12

59.84

3.69

47.45

0.56

8

99.36

5.62

99.17

5.75

98.26

98.39

9

97.69

3.08

97.89

3.07

88.36

97.28

10

99.71

3.49

99.71

3.49

72.35

99.71

Averagec

95.85

3.47

95.06

3.37

86.13

86.17

a. BBI detection coverage when the force sensor information is applied (column 2), not applied (column 4), and when
using only 10 cm or 5 cm inter-electrode distances (column 6 and 7).
b. 99 percentile of the absolute error in milliseconds with and without the force sensor.
c. The results of subject 7 are discarded from the calculation of the average results.

2012). Because the measurement conditions
in the current study are different (the measurement time is shorter and the portion of the time
spent awake is longer), we also calculated the
coverage with the current data by using only the
10 cm inter-electrode distances that were simulated by combining two adjacent measurement
channels. The coverage achieved was 86.1%.
The improvement achieved by using also the
channel combination is, according to the paired
T-test, statistically significant (p = 0.028). The
difference between this and the earlier 9.8 cm
setup is that the combinations of two adjacent
channels also provide interleaved 10 cm ECG
leads in addition to the 10 cm leads, which are
next to each other. The rightmost column in
Table 1 shows the recognition coverage when
only the data recorded with 5 cm electrode
distances is used. The average detection coverage was almost the same with 5 cm and 10 cm
electrode distances.
We also investigated if including an additional ECG channel combination would further

improve the coverage. For example summing
up measurement channels 2 and 5 and not
considering channels 3 and 4 would work in
a case where the electrode that is common to
channels 3 and 4 has a bad skin contact. These
combinations were selected as the best channel
quite often by the algorithm and they were also
sometimes able to measure ECG of sufficient
quality when other channels were not. However,
their signal usually did not stay stable for a long
time, which caused more channels reselections
to happen and therefore the overall detection
coverage was not improved. We therefore did
not use them in the final setup.
Figure 3 shows the BBI detection result
from the recording of subject 5 along with the
information about the selected ECG lead. ECG
leads numbered as 1 – 7 in the vertical axis of
the subfigure a, are the original ECG channels
measured between two adjacent electrodes.
Leads 8 – 13 are formed by summing up the
signals from two adjacent channels. Similarly,
leads 14 – 18 are formed by summing up three
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Figure 3. A one hour recording showing the measurement leads used for sheet BBI calculation
in a). Leads 1 – 7 below the lowest horizontal line are the single measurements channels, leads
8 – 13 between the two lowest horizontal lines are augmented ECG leads formed by two adjacent
channels etc. Subfigure b) shows the BBI signals calculated from the sheet ECG signals and from
the reference ECG. The sections of shorter BB-interval are results of larger movements and sleeping posture changes and are therefore not detected from the sheet ECG. Subfigure c) shows the
error of the detected BB-intervals. The maximum error has been less than 5 ms in this recording.
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channels, and so on. The channels formed by
different number of electrodes are separated
by the continuous horizontal lines. The shorter
horizontal line pieces in the subfigure a shows,
which ECG lead has been selected and used at a
certain time for BBI detection. 44.7% of the total
measurement time of all subjects, the channel
selection algorithm had selected a measurement
lead formed by one channel as the best. A lead
formed by two channels was used 20.7% of
the time, three channels 13.0%, four channels
16.8%, five channels 1.2%, and six channels
3.4% of the time. The measurement lead formed
by all seven channels was not selected in any
of the recordings.

BBI Accuracy
Authors have used a lot of different metrics
to describe the performance of their measurement systems and the uncertainty of the results.
Commonly used values are mean absolute error
(MAE) as in (Kortelainen et al., 2010; Brüser
et al., 2011) or RMS error (RMSE) as in (Wu
& Zhang, 2008):
MAE (ms ) =

1
N

∑

N
i =1

BBI sheet (i ) − BBI ref (i )

RMSerror (ms )
=

1
N

∑ (BBI
i =1

(i ) − BBI (i ))

2

N

sheet

We also calculated the RMSE and MAE
errors of the BBI results. The RMSE varied
between 0.97 ms and 12.5 ms between the recordings, the arithmetic average RMSE being
5.81 ms. The average RMSE converted to the
beats per minute was 0.36 bpm (0.07 – 0.78
bpm). The problem of using the RMSE is
that a few erroneously detected R-peaks in a
recording may have a large effect on the result
even when all other BBIs are really close to the
reference. Mean absolute error is less disturbed
by random large errors. The BBI MAE of our
recordings varied between 0.48 ms and 1.70
ms. The average was 1.12 ms. Conversion to
the percentage units yields 0.05% and 0.16%
as the minimum and maximum, and 0.11% as
the average MAE percent from the reference
BBI. As one can assume based on the nature
of the monitoring method, the 0.11% MAE is
clearly smaller than the smallest error reported
for the ballistocardiographic method (0.34% in
(Kortelainen et al., 2011)). Also the RMS error
reported in (Wu & Zhang, 2008) for a system
using capacitive electrodes (0.66 ± 0.57 bpm)
is outperformed by our 0.36 bpm RMSE. These
error numbers were somewhat better in our earlier study with smaller dataset (Vehkaoja et al.,
2012) mainly due to the results of the subject 7
who had the bed sheet electrodes placed slightly
too low in the test measurement and therefore
relatively weak signal.

ref

Another suitable figure for reporting the
uncertainty of the result is using percentile
units, which tells about the uncertainty of the
true positive detections and is not affected by
random false positives. We selected 99 percentile of the BBI signal’s absolute error as the
metrics of the BBI uncertainty. The average
99 percentile limit for the error when using
all channel combinations and the force sensor
information was 3.53 ms, which is less than
one sample interval, 4 ms. As seen from the
Table 1, using the force sensor does not have
a clear effect on the BBIs’ 99 percentile error
in either way.

RCL Detection Coverage
Table 2 shows the performance characteristics
of the breathing rate detection. The average respiration detection coverage has been improved
from 74% presented in (Vehkaoja et al., 2012)
to 82%. The reason is the improved cluster
density based RCL selection method, which
allowed us to use shorter safety margins around
the sections that include excessive movements.
Earlier we selected the RCL just by taking the
median of the suggestions, which forced us to
use longer margins in order to avoid erroneous
RCL detections.
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Table 2. RCL detection coverage and error
Subject
Number

Respiration Detection Performance
Cova

Correlationb

RMSc

MAEd

e<0.25

e<0.5e

e<1e

1

93.3

0.996

0.113

1.51

98.7

99.7

99.8

2

64.0

0.954

0.394

2.79

92.7

98.1

98.8

3

61.4

0.905

0.231

2.42

95.6

99.2

99.5

4

69.3

0.911

0.165

2.37

94.4

99.5

99.9

5

90.5

0.967

0.133

2.21

93.9

99.6

100.0

6

83.6

0.966

0.138

1.84

96.7

99.6

99.8

7

74.5

0.967

0.063

1.16

99.6

99.9

99.9

8

97.5

0.901

0.216

2.01

96.6

98.7

99.2

9

91.5

0.990

0.217

2.47

90.4

97.2

99.4

10

94.5

0.907

0.116

2.12

96.5

99.4

99.8

Mean

82.0

0.946

0.179

2.09

95.5

99.1

99.6

ECG

39.6

0.777

0.378

5.60

71.2

89.7

97.0

Comb

85.0

0.925

0.216

2.29

94.6

98.7

99.5

a. Respiration cycle length detection coverage, %.
b. Concordance correlation of the respiration cycle lengths
c. Root-mean-square error (RMS) of the respiration cycle length in seconds per breath.
d. Mean absolute error (MAE) of respiration cycle length in percent.
e. Percent of the detected respiration cycle lengths where the error is smaller than 0.25s, 0.5s, and 1s.

A 200-second example of the respiration
recording of subject 1 is shown in Figure 2. As
seen from the subfigure b), the signal of the
other force sensor has a deflection at the top
especially during long respiration cycles. The
deflection is attenuated and finally removed by
filtering with different cut-offs. The deflections
and other interferences cause a lot of erroneous respiration cycle length suggestions as
seen in the subfigure c). The densest cluster
of suggestions is searched and accepted as the
respiration if the sum of square distances is
below the threshold as seen in d). Subfigure e)
shows a comparison of RCLs calculated from
the force sensor signals and from the reference
signal shown in a).

RCL Uncertainty
At the same time with increasing detection coverage, the RMSE of the detected RCL has been

decreased from 0.24 s reported in (Vehkaoja et
al., 2012) to 0.18 s. The RMSE was erroneously
presented as MAE in that paper. The average
MAE for the ten subjects is 0.085 s, which
equals an average of 2.1% of the reference RCL
values. The most noticeable improvement to
the performance of our algorithm has been the
decrease of clearly erroneous RCL detections.
Earlier the average of 97.3% of the RCLs was
less than 0.5 s apart from the reference but this
has been improved to 99.1%.
Cysarz et al. (2008) used a concordance
correlation coefficient to describe the agreement between the respiration rate calculated
in 5 minute windows from a single ECG lead
and the reference air flow sensor. The regular
Pearson correlation only considers the linear
dependency of two variables and measures how
far the observation pairs come from the best
straight line fit. The concordance correlation
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also takes into account how well the actual
values of the pairs correspond, i.e. how much
the best fit differs from the 45-degree line that
goes through the origin (Lin, 1989). The concordance correlation between two variables is
calculated as:
ρc =

2 ⋅ sxy
sx2 + sy2 + (µx − µy )

2

where sxy is the covariance of the two variables,
sx and sy are the variances and μx and μy are
the means.
The average concordance correlation ρc in
the ten recordings was 0.946, which is a good
value. Cysarz et al. (2008) received ρc of 0.79
and 0.73 when detecting respiration rate in 5
minute epochs using RSA and RPA signals
derived from ECG.

Combining the RCL Derived from
ECG and Force Sensor Data
Table 2 shows the average results of ECG based
RCL detections. As said earlier, the respiration
information derived from the ECG signal has
not been as reliable in the earlier studies as the
results obtained with force sensors and this is
the case also with our system. The ECG-based
algorithm provided a respiration result on an
average of 39.6% of time (approximately 50%
of time when the ECG signal was available),
which is less than a half of the coverage obtained
using the force sensors. The error figures of
the RCL results are worse than when using the
force sensors as well. The results of the subject
number seven were not included in the evaluation because the bad positioning of the sheet
electrodes caused so weak ECG signal that the
RPA signal did not correlate with the respiration
and the RCL signal was only available during
3% of the time.
When combining the two results by using
the ECG derived RCL values in cases where
the force based value is missing, we were able
to increase the detection coverage by 3 percent

units. However, the accuracy of the RCL signal
was decreased at the same time. We speculate
that the reason why combining the two sensor
modalities, at least this way, did not bring much
advantage over using only the force sensors is
that in the cases where the force sensor RCL data
is missing, also the ECG based RCL information
is more unreliable than on average because these
cases are often related to movements.

CONCLUSION
We have presented an unobtrusive bedintegrated system for monitoring night-time
physiological parameters. The results show
a statistically significant improvement (p <
0.05) in the BBI detection coverage when the
measurement channels were simply combined
by adding their signals. We also tested if the
performance can be improved by combining two
sensor modalities. The results suggest that the
BBI detection coverage can be further increased
by combining the movement information to
the analysis. We were, however, not able to
yet find a technique for improving the force
sensor based RCL detection by combining the
ECG based RCL information to it. The results
obtained from one hour long recordings with
young healthy adults still show that the detection coverage and the accuracy of the received
physiological parameters are so good that this
information can be used in evaluation of the
sleep structure and quality. Important aspects
of the future work include the development and
integration of sleep analysis algorithms for the
estimation of sleep structure and the detection
of sleep apnoea and other sleep disorders. Also
more testing with a larger number of people
of wider demographics and during the whole
night is required.
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Abstract. A method for recognizing the respiration cycle lengths from the electrocardiographic
(ECG) signal recorded with textile electrodes that are attached to a bed sheet is proposed. The
method uses two features extracted from the ECG that are affected by the respiration:
respiratory sinus arrhythmia and the amplitude of the R-peaks. The proposed method was
tested in one hour long recordings with ten healthy young adults. A relative mean absolute
error of 5.6 % was achieved when the algorithm was able to provide a result for approximately
40 % of the time. 90 % of the values were within 0.5 s and 97 % within 1 s from the reference
respiration value. In addition to the instantaneous respiration cycle lengths, also the mean
values during 1 and 5 minutes epochs are calculated. The effect of the ECG signal source is
evaluated by calculating the result also from the simultaneously recorded reference ECG
signal. The acquired respiration information can be used in the estimation of sleep quality and
the detection of sleep disorders.

1. Introduction and related work
Respiration is one of the most important physiological signals in sleep studies where the data is
collected using polysomnography (PSG). It is used for the detection of breathing-related sleep
disorders by following the amplitude of the breathing signal and comparing the breathing signals
recorded with respiratory inductance plethysmography and temperature sensors. Respiration rate (RR)
or respiration cycle length (RCL) can also be used in sleep staging because the variation of respiration
rate is higher when a person is awake or during the rapid eye movement sleep stage and is decreased
during deep sleep stages [1]. The respiration related features are even more important in novel
unobtrusive systems developed for long term monitoring of sleep, like the one presented in [2]. The
reason is that smaller amount of physiological signals are available through unobtrusive monitoring
techniques and e.g. electroencephalogram and electrooculogram, which are normally used in sleep
staging in PSG recordings cannot be measured unobtrusively.
Many authors have investigated the detection of the RR or RCL using ECG signal. In these studies,
the ECG has been recorded using conventional electrodes attached to certain locations on the torso.
The most commonly used ECG related features for the RR detection are respiratory sinus arrhythmia
(RSA) and the modulation of the R-peak amplitude (RPA). The RSA is a result of the variation in the
instantaneous heart beat intervals caused by the respiration related control of the autonomous nervous
system, whereas the RPA is caused by the changes in the lead field and the heart orientation due to the
breathing movement. [3–6]
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We have earlier presented a system for recording night-time ECG unobtrusively using textile
electrodes sewn on a bed sheet and used the data for detecting heart rate and heart rate variability
parameters [7]. The current work investigates the usability of the recorded ECG in the detection of
respiration cycle lengths. While other studies have investigated the detection of RR or RCL using
conventional electrodes in fixed locations, the electrode locations do not stay constant when using the
bed sheet integrated electrodes but change according to the sleeping posture and the measurement
channel used. Also the quality of the ECG signal is not always as good as if using the regular gel
electrodes.
2. Materials and Methods
2.1. ECG measurement system and R-peak detection algorithm
Our ECG measurement system consists of eight electrodes that are made by embroidering using silver
coated polyamide yarn and are sewn on a bed sheet in 5 cm distances. The ECG is measured bipolarly
between each adjacent electrode pair, which enables also combining the recorded ECG signals thus
forming new ECG leads with wider inter-electrode distance. When recognizing the R-peaks and heart
rate from the ECG, the ECG lead that produces the best signal is first selected and then used until the
quality of the signal decreases too much. A detailed description of the channel selection and the Rpeak recognition procedure is presented in [7] and the effect of combining the ECG channels in [8].
2.2. ECG derived respiration signals and RCL detection
We selected two commonly used respiration related features that are present in the ECG signal to
determine the RCL: RSA and RPA. We also tested filtering the ECG signal with low, 0.6 Hz cut-off in
order to reveal the baseline wandering caused by the breathing. The resulting signal however suffered
from frequent interferences and did not provide as good results as the RSA and RPA signals.
The raw RSA and RPA signals contain one sample for each heartbeat. Both signals are first
interpolated into constant 0.1 s sample interval using cubic spline interpolation. After this, the signals
are filtered with different pass-bands in order to bring out the respiration related variation in the
signals. Theoretically, both signals should contain a sinusoidal kind of variation at the frequency of the
respiration but they also include interference components. Different pass-bands are used because the
RCL usually varies between 2 s and 10 s, corresponding to the frequency range of 0.1–0.5 Hz.
Depending on the respective value of the RCL, different pass-band will produce the best filtering
result. The selected pass-bands are 0.1–0.22 Hz, 0.1–0.33 Hz, and 0.1–0.5 Hz. Forward-backwardfiltering was used in order to eliminate the phase delay, which in this case could cause a significant
distortion in the signals. The order of the Butterworth response filters was set as two. Using the
forward-backward filtering then produces the overall filter order of four.
Next, the repetition intervals of each signal are calculated by searching local maxima and minima
as well as rising and falling zero crossings and then calculating the repetition intervals of these
features. This way, altogether 24 (respiration) interval signals are formed (2 ECG derived signals × 3
filters × 4 features). The interval signals are then linearly interpolated into 1000 ms sample interval.
Finally, for each time instant a cluster of six RCL suggestions that are closest to each other is searched
for. If the square sum of the distances is less than an empirically set threshold, the center of the cluster
is chosen as the RCL for that time instant. If the smallest square distance of any six suggestions is
higher than the threshold, no RCL value is chosen. Earlier we used a similar method for detecting the
RCLs from the signals that were recorded using force sensors placed under a bed post [8].
2.3. Per epoch mean RCL detection
In addition to the instantaneous RCLs, we also tested how the presented method performs when the
RCL values are used for calculating the mean RCL for epochs of certain length. The mean RCL is
simply calculated by averaging all the RCLs detected during e.g. 1 or 5 minute epochs. If the mean
RCL is calculated for all epochs that contain at least one detected instantaneous RCL, good coverage
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is achieved but the error of the result is probably higher. The error can be decreased by setting the
minimum number of RCLs that must have been detected during an epoch before the mean RCL for the
epoch is reported. The results were calculated using the overlaps of 50 and 240 seconds for the 60 and
300 second epoch lengths, respectively.
2.4. Reference respiration measurement
The reference respiration signal was measured using an NTC thermistor placed inside a breathing
mask. The resistance of the thermistor was measured, converted into the temperature, and filtered. The
respiration rate was calculated from the band-pass filtered temperature signal by finding the maximum
from each separate segment that is above the zero level. These points correspond to the end of the
inhale phase. Finally, the signals were visually inspected and false or missing detections were
corrected. Short sections from the recordings of four test subjects were found, where the amplitude of
the reference breathing signal was significantly decreased or the waveform distorted. These parts were
discarded from the analysis because reliable reference was not available.
2.5. Test subjects and data collection
We made test measurements with eight male and two female subjects (subjects 6 and 10). The subjects
were 23–33-year-old, normal weight and had no history of cardiovascular problems or sleeping related
breathing disorders. The measurements were made in laboratory settings using an 80 cm wide spring
mattress bed. The subjects were allowed to change their sleeping posture freely. The length of the
recordings was approximately one hour and most of the subjects fell asleep during this time. In order
to evaluate the effect of the ECG signal source to the performance of the proposed RCL detection
algorithm, we also used the reference ECG signal that was recorded at the same time with disposable
Ag/AgCl electrodes. The reference electrodes were placed under both clavicles so that they did not
disturb the skin contact of the sheet electrodes in any posture.
3. Results
3.1. Instantaneous RCL detection results
Table 1 shows the results of instantaneous RCL detection for each subject. As seen in table 1, there is
a significant variation in the performance of the method between the subjects. The best detection
coverage was obtained with the data of subject 5, 83.2 % of the total recording time or 91.9 % of time
when the source ECG signal was available. The average detection coverage for all the subjects is
approximately 40 % of the whole recording time, which is nearly 50 % of the time the bed sheet ECG
signal has been available. The ECG signal of the test subject 7 was so low in amplitude that the RPA
signal was practically unusable and even when the R-peak detection algorithm was able to find the RR-interval signal with 74 % coverage, the RCL detector found results that were reliable enough only 3
% of the time. The data of this subject was therefore excluded from the calculation of the average
results.
The last two rows in table 1 present the instantaneous RCL detection results calculated using the
reference ECG data. The coverage of the detected RCLs is higher when using the reference ECG than
with the sheet ECG but this is explained by the fact that the RSA and RPA signals produced by the
reference ECG are available almost 100 % of the time whereas the coverage of the sheet ECG based
RSA and RPA is 82 % in average. Also the error figures for the reference ECG based RCL are slightly
better than for the sheet ECG. The results of the subject 7 were now included because the reference
ECG did not suffer from the same problems as the sheet ECG signal.
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Table 1. Respiration recognition performance characteristics. The largest and smallest value of each
parameter is boldfaced. The last two rows show the minimum, maximum, and the average of the results
calculated for each test subject using the reference ECG signal.
Respiration
RRI
Concordance RMSE a
Coverage Coverage
Correlation
(s)
(%)
(%)
93.3
32.1
0.770
0.782
64.0
42.4
0.948
0.367
28.6
0.791
0.307
61.4
69.3
28.3
0.579
0.273
90.5
0.929
0.194
83.2
83.6
47.1
0.902
0.224
74.5
3.0
0.003
0.654
24.4
0.655
0.434
97.5
91.5
0.356
19.0
0.973
94.5
51.2
0.749
0.169
82.0
39.6
0.777
0.379
98.5–
13.0–
0.184–
0162–
100.0
83.6
0.991
0.588

MAE b
(s)

MAE b
(%)

e < 0.5 s c
(%)

1
0.527
11.135
0.176
3.744
2
0.183
4.714
3
0.398
9.871
4
0.148
5
3.251
0.145
3.492
6
0.328
10.369
7
0.239
5.863
8
0.212
4.621
9
3.689
10
0.131
Mean
0.240
5.598
Min-Max
0.116–
2.678–
Ref ECG
0.241
5.683
Mean
99.6
47.8
0.777
0.309
0.165
4.144
Ref ECG
a Root-mean-square error of the instantaneous and interpolated RCL values.
b Mean absolute error of the instantaneous and interpolated RCL values.
c Percentage of the RCL values that are within 0.5 second and 1 second from the reference.

e<1sc
(%)

64.1
96.1
97.1
73.3
98.1
97.5
86.4
88.9
93.2
99.2
89.7
94.7–
99.3

85.3
99.1
99.6
93.7
100.0
99.3
90.0
98.0
98.3
100.0
97.0
97.2–
100.0

97.1

98.9

Figure 1 shows as an example, the histogram of the RCL error for the test subject 5. As seen in
figure 1, the error produced by the presented method has a Gaussian distribution with zero mean,
which shows that the method does not produce any bias to the result. Figure 2 shows the scatter plot of
the sheet ECG based instantaneous RCL values and the thermistor reference values for the same
person. The concordance correlation is a measure of the deviation of the variable pairs from the 45degree line drawn through the origin (the grey line in figure 2).

Figure 1. Histogram of the error of the
detected respiration cycle lengths (subject 5).

Figure 2. Scatter plot of the respiration results
(subject 5).
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3.2. Mean RCL detection results
Figure 3 shows the coverage and the mean absolute error (MAE) of the mean RCL values as a
function of the minimum required number of the instantaneous RCLs in an epoch. The results in figure
3 are calculated for 1 minute epoch length and using 50 seconds overlap between epochs. 88.4 % of all
epochs calculated using the sheet ECG data contained at least one RCL value and the average relative
MAE for the mean RCL was 6.6 %. Somewhat better mean RCL coverage is achieved by using the
reference ECG signal because the reference signal is always available. The average MAE is slightly
smaller for the reference ECG when all possible epochs are considered but when the minimum number
of the required RCLs in an epoch is increased, both signals produce similar errors.
Orphanidou et al. received 4.8 % average relative MAE for 1 minute mean respiration rate with
young subjects when they combined the RSA and RPA signals by selecting as the result the one that
has the higher magnitude of the pole in the autoregressive spectrum [3]. They did not calculate the
results for all the available data but used a criterion for choosing the parts where a high quality
reference signal was available. In this way they used 71 % of the available data. Similar coverage is
achieved by the sheet ECG data when setting a 10 % minimum value for the within epoch RCL
coverage. The average relative MAE is then approximately the same as in [3]. The reference ECG
yields approximately 3.3 % MAE when using the same criterion.
Cysarz et al. used the concordance correlation coefficient (CCC) to describe the agreement
between the respiration rate calculated in 5 minute time windows from a single ECG lead and the
reference air flow sensor [4]. The regular Pearson correlation only considers the linear dependency of
two variables but concordance correlation also takes into account the difference of the exact values of
the tested variables. Cysarz et al. received the night-time CCC values of 0.79 and 0.73 younger group
of subjects when using only RSA and RPA signals, respectively. They did not consider the epochs
where the valid R-peaks were available less than 75 % of the time.
Table 2 shows the CCCs between the 1 and 5 minute mean RCLs and the thermistor based
reference RCL. The average CCC of 0.63 was achieved with both sheet and reference ECG when all
available epochs were considered. The CCCs are considerably improved (0.82 and 0.86 for the sheet
and the reference ECG) when only the epochs that contain at least 25 % of the RCLs are considered.
The mean RCL coverages are however then decreased to 64 and 79 %.

Figure 3. The average dependency of the coverage (left) and the MAE of the mean RCL values
(right) for one minute epochs for all subject. The results calculated from the reference ECG are
shown in black and the results calculated from the sheet ECG in grey.
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Table 2. Average per epoch mean RCL recognition coverage and concordance
correlation coefficients for 1 and 5 minute epoch lengths.
Coverage
Sheet (%)

Coverage
Reference (%)

Concordance
Correlation
Sheet

Concordance
Correlation
Reference

88.4
96.6
0.69
0.59
All epochs
58.3
73.7
0.89
0.87
Epochs > 25 %
37.4
51.9
0.94
0.95
Epochs > 50 %
17.7
29.2
0.96
0.98
Epochs > 75 %
99.8
100
0.63
0.63
All epochs
5 minute
64.2
79.2
0.82
0.86
Epochs > 25 %
epoch
36.1
56.6
0.85
0.87
Epochs
>
50
%
length
13.3
23.8
0.96
0.87
Epochs > 75 %
Epochs > 25 %, 50 % or 75 %: only epochs that include more than the specified amount of
recognized instantaneous RCL values are considered.
1 minute
epoch
length

4. Conclusions
A method for detecting instantaneous respiration cycle lengths from an ECG signal recorded with bed
sheet integrated textile electrodes or regular ECG electrodes has been presented. Also mean RCLs are
calculated for 1 and 5 minute epochs and the results compared with methods found in the literature.
The proposed method performs well with both sheet ECG and reference ECG signals at least with the
test subjects who were younger than 35 years.
The future work includes the evaluation of the proposed method with people of wider
demographics. It has been concluded that the RSA phenomenon attenuates along with aging and that
parameter is not as efficient for estimating the RCL with older people [4].
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Abstract—An unobtrusive measurement system for nighttime heart rate (HR) monitoring is presented. The system
uses capacitive electrodes that do not require galvanic skin
contact, thus allowing user to wear clothes while being monitored. The electrodes are located transversely on the bed
and the electrocardiographic signals are measured between
each electrode and a common reference. The signals are
then combined in order to remove the common mode movement artifacts and the best one is selected for HR detection.
The average RR-interval detection coverage with five test
subjects in one hour long measurements was 81.0 %. The
average mean absolute error compared to the reference
ECG signal was 1.78 ms in average.

heart rate and heart rate interval generally with better
coverage and accuracy than the ballistographic technique
but its drawback is the requirement for direct skin contact
which, in practice, prevents the user from wearing a shirt
during the measurement. Using capacitive non-contact
electrodes for measuring the ECG signal combines the
good features of these two techniques by measuring the
signal that enables accurate detection of the heart rate, yet
allowing the user to wear clothes while being monitored.

Keywords— Night-time heart rate, capacitive electrode,
physiological monitoring

ECG recording using capacitive bed-integrated electrodes has been studied by several researchers. Wu and
Zhang used wide electrode strips made of conductive
textile and placed them on the bed in transversal direction. They measured the ECG between two strips while
the third strip acted as an active ground electrode [6].
They received good results when making the test measurements in an electrically shielded room. More than 98
% of the recorded data was artifact free by visual inspection. They however reported the heart rates as a mean
value for one minute so it is not possible to say the
amount of correctly recognized individual R-peaks. An
interesting detail in their approach was that they used a
high-pass cut-off frequency as high as 8 Hz when filtering
the measurement signal. Usually the high-pass filter is set
below 1 Hz frequency in ECG recordings.
Similar electrode setup was also used by Ishida et al in
[7]. They also tested the effect of a layer of electrically
shielding material under the electrodes. Despite that the
shielding decreased the coupling of electrical interference, they were able to detect the heart rate only 27 % of
the time during one night measurement.
Lim et al. developed a capacitive ECG measurement
system that uses several active electrodes placed transversally on top of the mattress and a large sized common
reference electrode located under the lower body [8].
They stated that the capacitive measurement is very sensitive to motion artifacts and that the main sources for these
are the changes of the electrode and the grounding capacitances and the triboelectrical effect caused by friction of
the clothes. The morphology of the ECG signal measured
with a similar electrode setup has also been successfully
used for detecting sleeping posture [9].

I. INTRODUCTION AND MOTIVATION

Night-time physiological information, especially the
heart rate, the respiration rate and the movements can be
used for example in screening of medical disorders like
sleep apnea [1] and evaluation of sleeping quality [2] or
detecting psychophysiological stress [3]. Many potential
applications would benefit or even require continuous
monitoring for detecting long term changes in sleeping
pattern and sleep parameters. In these cases, it is important that the measurement equipment is unobtrusive
and requires little effort from the user. Comfort is increased if the user does not need to wear the measurement
equipment but the sensors are e.g. integrated into the bed.
There are several sensor options for such an unconstrained monitoring system. Heart rate and respiration can
be extracted from ballistographic signals that are recorded
using force sensors e.g. [4] or from the electrocardiogram
(ECG) that can be measured with contact electrodes attached to a shirt or to the bed sheet as e.g. in [5]. The
drawback of the ballistographic technique is that it is very
sensitive to all kinds of movements. For example, movements caused by another person sleeping in the same bed
can disturb the measurement and cause erroneous results.
In addition, the ballistographic signal does not have as
distinguishable and consistent features as the ECG’s Rpeak, which increases the uncertainty to the beat-to-beat
interval detection. Contact ECG recorded e.g. with textile
electrodes attached to the bed sheet enables monitoring of

II. RELATED WORK
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III. MATERIALS AND METHODS

A. The measurement setup
Our ECG monitoring system consists of four capacitive active electrodes and a large common reference electrode. The active electrodes are located transversally so
that they are approximately at the location of the chest.
The inter-electrode distance is set to 5 cm. The whole
width of the bed cannot be covered when using such
small inter-electrode distance and only four measurement
electrodes, but this has not been a major problem in the
laboratory measurements, where the position of the test
person can be controlled. More electrodes are, however,
needed if the system is used at home in overnight measurements. The capacitive reference electrode is made of a
conductive fabric and it is placed under the bed sheet thus
covering the whole area of the bed.
In previous studies we have measured ECG with contact electrodes attached transversally to the bed sheet by
using bipolar measurement between the electrodes [5].
When using capacitive electrodes, the high-pass cut-off
frequency of each electrode depends on the skin-electrode
capacitance and the input resistance of the active electrode. The skin-electrode capacitances may vary during
the measurement and are not necessarily the same in all
electrodes. Having different cut-off frequencies in the
electrodes would decrease e.g. the common mode rejection ratio of a bipolar measurement and therefore we
decided to use the unipolar measurement between each
active electrode and a common reference electrode.
The reference electrode is made as large as possible in
order to maximize its capacitance with the body, thus
making the capacitive grounding as strong as possible. If
the body is in galvanic contact with the electrode, the
grounding is further improved and the measurement noise
decreases. Fig. 1 shows the measurement setup used.

Fig.

1 Capacitive ECG system and a close-up view of one electrode.
The wireless contact ECG reference device is also seen on the bed.

B. The capacitive active electrodes
An important aspect, when designing a measurement
system that uses capacitive electrodes, is to provide high
input resistance with respect to the electrode capacitance.
We chose OPA129 from Texas Instruments as the operational amplifier for the active electrodes because it has
extremely low input bias current (±30 fA typical) thus
enabling the use of extremely high resistance in the bias
current path and therefore also high input impedance in
the capacitive electrode.
In order to increase the input impedance of the amplifier connection, the bias current is taken from the amplifier’s output using so called bootstrap connection. This
effectively multiplies the value of the bias resistor R1 in
the Fig. 2 by the ratio of resistors R5 and R4:
R5
(1)
Rin (
1) R1 R3
R4
The benefit of the bootstrap connection is that the effects of the leakage currents on the circuit board are minimized because the value of the actual resistor can be set
smaller and the voltage across the resistor is smaller. The
drawback of the bootstrap circuit on the other hand is that
it increases the noise and the offset voltage of the amplifier. However, the frequency bandwidth required in ECG
monitoring is so small that the increased noise density is
seldom a critical issue.
The diameter of our active electrodes is 25 mm. When
the person being measured is wearing 0.5 mm thick cotton shirt, assuming relative permittivity of 2, the capacitance of the electrode becomes approximately 20 pF and
the high-pass cut-off frequency then about 0.1 Hz.
Because of the extremely high input impedance, it is
important to carefully protect the amplifier input from
leakage currents that might cause the input voltage to
wander uncontrolled. A guard trace is therefore placed
everywhere around the electrode surface and the op amp
on the layout. Special pinout of the OPA129 also supports efficient guarding.
The guard also decreases the parasitic capacitance of
the circuit board layout, but the input capacitance of the
amplifier component is still present. In order to minimize
the remaining parasitic capacitance we used an active
positive feedback for compensating it. The gain of the
feedback is adjusted by the trimmer resistor R2 so that
when a square wave signal is fed capacitively to the electrode, its waveform should not be distorted, besides the
distortion caused by the high-pass filter in the electrode
input. Similarly, the amplitude should match the gain of
the active electrode, 0.9 in our case.
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the heart rate as we have earlier used for processing ECG
signal recorded with contact electrodes attached on a bed
sheet. A detailed description of the algorithm can be
found from [5]. All digital signal processing was done
off-line using MATLAB®.
E. Reference ECG measurement

Fig. 2 The schematic of the capacitive active electrodes.
C. Data acquisition
The four capacitive active electrodes, along with the
common reference electrode, are connected to a custom
made data acquisition (DAQ) device. The input voltage
range of the DAQ is ± 0.436 V with a resolution of 13.4
V when the DAQ’s internal amplifier, that has a gain of
5, is used. The RMS noise level of the DAQ is less than 1
digital unit.
The DAQ is capable of transmitting the measurement
data to the PC either through a USB or by a wireless
Bluetooth link. We used the Bluetooth mode in the tests.
The maximum sampling rate is 1 kHz per channel but 250
Hz was found high enough for the capacitive ECG recording.

When testing sensitive capacitively coupled ECG
measurement systems, care must be taken that the reference measurement does not affect the capacitive measurement. For example, the reference device should not be
connected in such a way that galvanic ground current path
would be provided through its electrodes. Therefore we
used a wireless ECG measurement system for recording
the reference data. Disposable Ag-AgCl electrodes were
attached below left and right clavicles and the reference
ECG was measured between them. The reference and the
capacitive ECG data were synchronized manually. The
reference recording system has been presented in [10].
F. Test measurements
We evaluated the operation of the system with five test
subjects in one hour long recordings. All subjects were
normal weight healthy male adults (25-33 years) with no
history of cardiovascular diseases. Subjects spent 15
minutes in each main sleeping posture (supine, left side,
prone, and right side) and they were wearing t-shirt made
of cotton. Any galvanic contact to the measurement device was prevented.

D. Signal processing
The capacitive ECG measurement is very sensitive to
movements. Large movements, e.g. changing the sleeping
posture or even a movement of a limb causes so strong
disturbance to the measured signal that recognition of Rpeaks is impossible. Even the ballistographic movements
caused by heart beats and breathing may cause interference that is higher in amplitude than the electrical ECG
signal as seen in the upper figure of Fig. 3. Luckily, often
the movement artifact is seen similarly in multiple channels while the ECG component in the signals is different
because of the different electrode location on the body.
We therefore combine the measurement channels by
subtracting their signals and let a channel selection algorithm to select the best signal for R-peak detection. Also
the original signals are used as possible candidates in the
selection phase.
We used same signal processing algorithm for finding
the R-peaks, selecting the best channel, and calculating

Fig.

3 Four signals recorded with the capacitive electrodes (upper
figure). Large common mode artifacts are caused by the ballistographic
movements caused to the heartbeats. The lower figure shows how the Rpeaks are emphasized when subtracting two signals (blue and cyan).
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IV. RESULTS

V.

CONCLUSIONS

Table 1 shows the results calculated from the five test
measurements. The RR-interval detection coverage varied
between 62 % and 96 % between the subjects during the
whole one hour measurement period. The average coverage was 81 %.
The average mean absolute error (MAE) of the detected RR-intervals was 1.78 ms, which can be considered a
good result. Recordings of the test subjects 3 and 5 both
contained 3 false positive R-peak detections, which increase the MAE slightly. The error is also partially explained by the small temporal drift between the signals of
the capacitive and reference recording devices. This results from the different sampling clocks between the two
devices. The drift was only approximately 0.1 seconds
during the one hour measurements so we decided not to
correct it.

A bed integrated system for capacitive monitoring of
the ECG signal was proposed. The system performs well
in other sleeping postures but has sometimes problems in
detecting R-peaks from the ECG signal recorded when
the subject is lying on the right side. Testing the monitoring system in overnight measurements is a part of the
future work, as well as finding a solution for the R-peak
detection in right side sleeping posture.

A. The effect of the sleeping posture

1.

The Table 1 also presents the detection coverage figures for each sleeping posture separately. As seen from
the results, the capacitive heart rate monitoring system
performs well in all other sleeping postures but is not as
reliable when the person is lying on the right side. For the
subject number three, the RR-intervals were detected only
8 % of the time spent on the right side and for the subject
number five, the algorithm was not able to find any Rpeaks. A visual inspection of the data of the subject number five showed that the ballistographic movement component was seen in the signal but the ECG component
wasn’t different enough between the channels to produce
usable results. A possible explanation for the missing
electrical difference component is that because the heart
is located on the left side of the body, the difference signal between any two electrodes at the right side was not
strong enough for the R-peak detection.
The rightmost column in the table shows the average
detection coverage of all postures. The time period of
changing the posture is not considered in this data.
Table 1 Performance figures of the capacitive ECG monitoring system.
MAE
Cov.
(ms) supine
1.88 90.77
1.62 97.85

1

Coverage
84.77

2

89.82

3

62.66

1.96

4

95.96

5

71.90

Average

81.0

Subject
number

Cov.
left

Cov.
prone

Cov.
right

Mean
Cov.

72.53

93.02

91.69

87.0

91.48

98.47

85.91

93.4

92.49

87.20

70.85

8.42

64.7

0.92

99.28

99.87

99.82

96.63

98.9

2.51

99.88

99.88

97.58

0.00

74.3

1.78

96.1

90.2

91.9

56.5

83.7
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