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Unobtrusive Non-Contact Detection of
Arrhythmias using a “Smart” Bed

Ch. Brüser

Abstract

We present an instrumented bed for unobtrusive, non-contact monitoring of cardiac and respiratory activity. The system
presented here is based on the principle of ballistocardiography (BCG), and measures cardiopulmonary vibrations of the
body by means of an electromechanical foil (EMFi) attached to the mattress. Using our system, a clinical study with
13 participants was conducted to assess the BCG’s ability to distinguish atrial fibrillations from normal sinus rhythms.
By computing a time-frequency representation of the recorded signals based on parametric autoregressive estimators,
we can show clear qualitative differences between normal and arrhythmic BCG episodes. The same distinctive features
could also be observed when applying our method to a simultaneously recorded reference ECG. Our results suggest that
ECG and BCG both contain the same basic information with respect to the presence of atrial fibrillations, and that a
bed-mounted BCG sensor can indeed be used to detect atrial fibrillations.
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1 Introduction
Cardiovascular diseases in general and heart failure
in particular are among the commonest reasons for
hospitalization in the industrialized countries [1]. In
order to deal with the growing number of patients,
there is a need for technical solutions which enable
personalized monitoring and treatment, preferably
at home. In recent years, the bed has emerged as
a promising place for long-term monitoring of car-
diopulmonary activity at home, as virtually every-
one spends a significant portion of the day in bed.
Instrumented beds could also be applied in the gen-
eral wards of hospitals, where fully automatic, un-
obtrusive monitoring systems could reduce the work-
load of the staff and increase the safety of the pa-
tients.
A promising approach for measuring cardiopul-

monary activity is the integration of highly sensitive
mechanical sensors into the bed-frame or mattress
which record the vibrations of the body caused by
the mechanical activity of the heart and by the res-
piratory movements of the thorax.
This basic principle, known under the term “bal-

listocardiography” (BCG), was first reported in the
late 19th century [2]. Through improvements in sen-
sor technologies and digital signal processing tech-
niques, the field has gained renewed interest in recent
years. Using a variety of different sensors, including
but not limited to strain gauges [3, 4], PVDF and
EMFi sensors [5, 6], accelerometers [7], hydraulic [8]
and pneumatic sensors [9, 10] as well as optical de-
vices [11], BCG systems have been integrated into

objects of daily life, such as beds [4–12], chairs [13]
and even weighing scales [3]. These systems share
the common advantage that they are unobtrusive and
do not require direct skin contact, unlike for exam-
ple, a conventional ECG. User errors, unlike, incor-
rectly attached electrodes can mostly be avoided by
bed-based BCG systems, which do not require any
user interaction or professional supervision to per-
form nightly measurements over extended periods of
time. Hence BCG systems are very well suited for
long-term monitoring.
While there have been significant contributions

from various sensor modalities for BCG recording,
as well as a few studies evaluating modern BCG sys-
tems, using healthy subjects, there is currently a lack
of research on whether these systems actually provide
clinically useful information when measuring real pa-
tients. After all, the answer to this question will de-
cide whether or not these systems come into use in
clinical practice. Arrhythmias, in particular, have so
far been regarded as undesirable artefacts in many
publications. We therefore devised a clinical study
with the explicit goal of evaluating our BCG sys-
tem’s ability to detect cardiac arrhythmias. For our
study we focused on atrial fibrillation (AF), since it
is the most common type of arrhythmia [14]. Dur-
ing atrial fibrillation, the two upper chambers of the
heart (atria) fibrillate and do not perform coordi-
nated contractions [15]. AF is a marker for other
severe illnesses such as congestive heart failure [16].
Long-term monitoring of AF episodes might enable
an early detection of worsening conditions in heart
failure patients.
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In the remainder of this paper, we first introduce
our BCG measurement system (Section 2.1). Then
we describe the design of the clinical study that was
performed to acquire BCG data from real arrhyth-
mia patients (Section 2.2). Next, we present the sig-
nal processing techniques that were applied to evalu-
ate the acquired data (Section 2.3). We conclude by
discussing the results and presenting our conclusions
(Sections 3 & 4).

2 Materials and Methods

2.1 BCG Acquisition System

The BCG acquisition system used in this study con-
sists of a single electromechanical-film (EMFi) sen-
sor [17] (30 cm× 60 cm, thickness < 1 mm) and the
acquisition electronics for amplifying and digitizing
the analog sensor signal. Mechanical deformation of
the electromechanical film generates a charge, ΔQ,
which is proportional to the dynamic force, ΔF , act-
ing along the thickness direction of the sensor

ΔQ = kΔF (1)

where k is the sensitivity coefficient. The result-
ing charge is amplified by a charge amplifier, and is
then digitized with 12 bits at a sampling frequency
of 128 Hz.
The EMFi foil is mounted on the underside of

a thin foam overlay, which is then placed on top of
the mattress of a regular bed. Due to its thinness
and its flexible properties, the presence of the sen-
sor is almost imperceptible to the person lying in the
instrumented bed. However, owing to the sensitiv-
ity of the EMFi foil, cardiopulmonary movements of
the person lying in bed can be recorded. In order
to obtain optimal signals, the sensor is mounted in a
fixed position under the thorax region (see Figure 1).
A short segment of a signal recorded by our BCG
system containing three heart beats is shown in Fi-
gure 2. Vertical dotted lines indicate the time points
at which R peaks occurred in the reference ECG.

Fig. 1: Picture of the EMFi BCG sensor attached to the
bottom of the thin foam overlay

2.2 Measurement Scenario

In order to assess whether atrial fibrillations and si-
nus rhythm can be distinguished in a BCG record-
ing, the following study was performed at the Uni-
versity Hospital in Aachen, Germany. The study
was approved by the ethics board of the Univer-
sity Hospital Aachen (ref. number: EK075/10, date:
05.05.2010). A total of 13 patients (3 female, 10 male,

age: 63.6± 16.3 years, BMI: 28.6± 4.1 kg
m2
) who were

visiting the hospital to undergo ambulatory treat-
ment for atrial fibrillation gave their informed writ-
ten consent and were included in our study. To re-
turn the patients’ hearts to a regular sinus rhythm, a
routine procedure called synchronized electrical car-
dioversion [18] was performed on each patient. Dur-
ing this procedure, an electrical current is adminis-
tered to the heart. Unlike defibrillation, the initial
current dose is smaller and the shock is triggered by
the R-peak in the ECG in order to reduce the risk of
induced ventricular fibrillation.
For the entire duration of their treatment, the

subjects were placed in a hospital bed instrumented
with an EMFi foil sensor, as described above. In
addition to the BCG, a 3-lead reference ECG was
recorded with a sampling rate of 500 Hz. BCG and
ECG data was continuously acquired before, during,
and after the procedure. The mean length of the in-
dividual BCG recordings is 45 minutes.
This measurement scenario has the major advan-

tage that it allows the BCG of the same patient to be
recorded while exhibiting the pathology (i.e. arrhyth-
mia/atrial fibrillations) as well as when the patient’s
heart is returned to a normal sinus rhythm. Hence
an inter-personal as well as an intra-personal com-
parison of the BCG signal during arrhythmias and
during normal rhythms is possible.

Fig. 2: Exemplary trace of three heart beats recorded by
the bed sensor. Vertical lines indicate the occurrence of
R peaks in the simultaneously recorded reference ECG

2.3 Signal Analysis

PSD Estimation using AR Models

Autoregressive (AR) models are a common choice
for parametric estimation of the power spectral den-
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sity (PSD) of a signal [19]. First, a given signal,
x(n), n ∈ [0, N − 1], is modelled as the output of a
discrete, all-pole, infinite impulse response (IIR) fil-
ter whose input is white noise, w(n), of variance σ2:

x(n) = −
p∑

k=1

akx(n − k) + w(n). (2)

Thus, for an AR(p) model of p-th order, only the
filter coefficients a1, . . . , ap and the noise variance σ2

need to be estimated to fully describe this process.
After estimating these parameters, the PSD, P (f),
of the modelled process can be computed as:

P (f) =
σ2∣∣∣∣1 + p∑

k=1
ake−j2πfp

∣∣∣∣2
. (3)

A number of different AR parameter estimation
methods are known in the literature [19]. These are
typically based on minimizing the estimate of the
prediction error power. Popular estimators include
the Yule-Walker method and Burg’s method. For
our analysis which follows, we have chosen to use the
Burg estimator [20].
Autoregressive spectral estimation can provide

better modelling of the peaks in the PSD than non-
parametric methods, especially when dealing with
short signal lengths [19]. This improvement comes
at the cost of a less accurate description of the val-
leys of the PSD. When dealing with quasi-periodic
signals measuring cardiac activity, however, this is a
valid trade-off, as we are primarily interested in the
peaks of the PSD. However, this advantage of AR
spectral estimators exists only when the assumption
of an underlying AR process is indeed valid for the
given signal. Furthermore, the model order needs to
be carefully chosen to achieve high quality estimates.

Spectrogram

Since biosignals, such as ECG and BCG, are also
highly non-stationary in nature (especially in the
presence of arrhythmias), a deeper insight into
the properties of these signals can be achieved by
analysing their time-frequency distributions. A com-
mon approach to obtain a time-varying spectral rep-
resentation of a signal is to divide the signal into
smaller (overlapping) epochs and estimate the PSD
for each of these epochs separately [21]. This so-
called, spectrogram is usually computed by means of
the short-time Fourier transform (SFFT). However,
AR-based spectral estimators can equally be used.
Let PL

m(f) denote the estimated PSD of an epoch
of the signal x(n) which starts at the m-th sample
and has a length of L samples. We can then define
the AR-based spectrogram as

S(f, n) = PL
n (f). (4)

The better distinction of the peaks that can be
obtained through AR estimators means that smaller
epoch lengths can be chosen. This allows an increase
in time resolution while at the same time maintaining
a similar resolution in the frequency domain.

ECG and BCG Signal Analysis

Both the BCG signals and the lead II ECG signals
recorded during our study were first low-pass filtered
to 15 Hz and then downsampled to 30 Hz. Then
the signals were split into 5 s long epochs with 4 s
of overlap, thus resulting in one epoch every second.
For each epoch, the PSD was estimated using an AR
model of order 50. Spectrograms were then obtained
for each signal from the sets of estimated PSDs.

3 Results and Discussion
Figure 3 shows the BCG and ECG spectrograms of
a healthy reference subject. Both spectrograms show
a very similar image containing clear bright lines re-
lated to the heart frequency and its harmonics. From
a purely visual standpoint, one could conclude that
both signals, i.e. the non-contact bed measurement
and the reference ECG, contain similar information
about the current heart rate of the subject.
Much to our surprise, the spectrograms also

showed apparent visual similarities during pathologic
episodes of atrial fibrillation. Figure 4 shows the
time-frequency analysis of the signals recorded during
the treatment session with one of the patients in our
study. Before the cardioversion was performed, the

Fig. 3: Spectrograms of simultaneously recorded BCG
and ECG signals of a healthy subject, respectively. Both
images show clearly visible lines corresponding to the
heart rate of the subject and its harmonics. The higher
power densities in the lower frequencies of the BCG spec-
trogram are related to respiratory-induced motions in the
BCG signal
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Fig. 4: Time-frequency analysis of the BCG and the reference ECG of patient 11 before and after the cardioversion
is performed. Following the cardioversion, both spectrograms change from a noise-like appearance into clearly visible
lines representing a base frequency and its harmonics. (From top to bottom: 1. BCG signal recorded by the bed-sensor,
2. beat-to-beat heart rates computed from the reference ECG, 3. spectrogram of the BCG signal, and 4. spectrogram of
the reference ECG signal)

patient suffered from atrial fibrillation, which caused
strong and rapid fluctuations in the ECG-derived
heart rates, as shown in the second plot of the figure.
After the cardioversion event, the patient’s heart re-
turned to a sinus rhythm and the heart rate stabi-
lized.
When inspecting the spectrograms of the ECG

signal and the BCG signal, respectively, the change
of state induced by the cardioversion is also immedi-
ately visible. While the spectrogram during atrial fib-
rillation has a smeared, almost noise-like appearance,
the spectograms change into the previously seen pat-
tern of distinct lines when the subject’s cardiac activ-
ity returns to a sinus rhythm. This pattern conforms
with what we observed earlier for healthy subjects.
In addition to the example shown here, we observed
the same differences in spectrogram patterns between
arrhythmia and normal periods for all patients that
took part in our study.
These preliminary results seem to support our

initial hypothesis that arrhythmic cardiac activity
can indeed be detected using a bed-mounted BCG
system. Furthermore, the observation that ECG

and BCG spectrograms undergo the same qualita-
tive changes leads us to believe that the BCG signal
recorded using our unobtrusive, non-contact sensor
system does indeed contain similar information as the
ECG with respect to the presence of arrhythmias.
Nevertheless, our experiments also highlight a

major challenge on to road towards a fully auto-
matic BCG-based arrhythmia detector. As shown
in Figure 4, motion artefacts immediately after the
cardioversion (as evident through the increased am-
plitude of the BCG signal) cause distortions in the
BCG spectrogram which, at first glance, appear sim-
ilar to arrhythmias. However, an automatic algo-
rithm might still be able to distinguish motion arte-
facts from arrhythmia by taking the BCG signal am-
plitude and the details of the frequency distribution
into account.

4 Conclusion
We have introduced a bed-based sensor system that
can unobtrusively monitor the cardiopulmonary ac-
tivity of a person lying in bed. Unlike previous work
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in the field, which has mostly treated arrhythmias in
the data sets as undesirable artefacts, we have de-
vised and presented a clinical study dedicated ex-
plicitly to the goal of evaluating the fitness of the
proposed system for detecting cardiac arrhythmias.
Through the analysis of the data acquired during
this study by means of an AR-model-based time-
frequency representation, we have shown that the
proposed system does indeed enable cardiac arrhyth-
mias to be detected.
Our work prepares the way for future research

on fully automatic algorithms for detecting arrhyth-
mias in BCG signals. While the types of arrhyth-
mias which can be detected in BCG recordings is still
limited to atrial fibrillation, our findings might facili-
tate improvements in the long-term management and
treatment of cardiac diseases for which AF episodes
can be an important marker.
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