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Abstract

We describe a method for improving recognition of lying postures using a measured signal
ntensity of respiration and heartbeat. We can obtain respiration and heartbeat by means of
using the body pressure measured at the suitable location determined by lying posture in the
conventional method. Therefore, a recognition rate of lying postures and a measured signal
intensity of respiration and heartbeat have positive correlation. In the experiments, we show
that recognition of lying postures is improved by our method.

Keywords: Unconstrained measurement, Lying posture, Respiration, Heartbeat,

ubber-based flexible tactile sensor sheet.

1. Introduction

Japan’s population of people aged 65 and above
increased by 7 million, that is, from 29 million to 36
million in the ten years between 2010 and 2020. Further,
the aging rate is expected to increase from 23.0% to 29.1%
[1], [2]. Seemingly, the number of people that require
long-term care will substantially increase. However, the
burden on individual care staff is expected to increase as
there will be no corresponding increase in the number of
care staff [3]. There is therefore an increasing need for the
introduction of care robots in order to reduce the burden
on care staff and further solve this problem.

The main areas of focus that have been chosen for the
use of robot technology in care are transfer assistance,
mobility support, toilet support, watching over dementia
patients and bathing assistance [4]. Out of these, the ability
to use sensors to watch over dementia patients would

significantly help to reduce the burden on care staff.
Moreover, there are many benefits of the ability to identify
a patient’s position in bed that are not limited to dementia
patients. The patient positions

that must be identified include the patient being in or out
of bed, sitting up or lying down, any danger of the patient
falling out of bed or a patient lying on their back or on
their front. Additionally, the ability to measure the depth
or state of sleep is useful too. Increasing the quality of
sleep by observing the state of sleep is effective for
maintaining the patient’s healthy sleep state.

The standard and reliable method for measuring sleep
states is polysomnography (PSG) [5]. This technique
measures brain waves, ECG, eye movement, chin muscle
activity and pneumogram. Further, based on the R&K
method [6], the technique classifies sleep state into six
categories namely wake, REM sleep and non-REM sleep
stages 14. The technique is beneficial as it measures sleep
states with high accuracy. However, since measuring
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biosignals requires the attachment of large numbers of
sensors to the body, the technique brings a sense of
constriction and may impede natural sleep. Moreover,
apart from being difficult to automate, recognition of sleep
states from biosignals requires judgment by a laboratory
technician. Consequently, there is need to develop a
method that allows for easy estimation of sleep state.

Evidently, sleep state can be estimated from biosignals
such as respiratory rate, heart rate, number of body
movements and lying posture. These biosignals can be
measured relatively easily. For instance, a strong
correlation has been found between heart rate and sleep
state [7]. The relationship between the heartbeat and the
number of body movements is also strong [8], [9].
Additionally, respiratory disorders such as sleep apnea
syndrome are known to be unlikely to manifest when
sleeping in a lateral position [10]. Watanabe et al. used air
pressure mattress-sensors [11] to measure heart rate,
respiration, body motion, snoring and coughing and
further developed a method for estimating sleep state
based on rhythm irregularities such as increased
respiration and heartbeat during REM sleep [12]. Other
studies use infrared motion sensors [13] or cameras [14]
and focus on the extent and frequency of the measured
body motion to assess the depth of sleep.

We propose a method that uses a flexible tactile sensor
sheet to measure lying posture [15], respiration and
heartbeat [16]. This involves the use of rubber, flexible
capacitive tactile sensors that we developed (Smart Rubber
(SR) sensors [17]) to measure lying posture, respiration
and the heartbeat of people lying on their side in bed and
in a non-restrictive manner. First, we identify lying posture
based on the tactile image formed by the body pressure
distribution pattern. We then obtain the rate respiration
and heartbeat by measuring the pressure of the body
locations in line with the recognition results. Further, lying
posture, respiration and heartbeat can be measured
simultaneously by wusing high spatial and pressure
resolution SR sensors and the measured pressure
information appropriately. The method has additional
benefits in that, at a few mm, it is a great deal thinner than
an air mattress. Further, measurements can be performed
while the subject’s privacy is taken into consideration,
which is different from when cameras are used. SR sensors
are easy to use on a daily basis as they are cheaper than
existing measuring devices and require no effort to install.

We want to estimate sleep state based on lying posture,
respiration and heartbeat that have been measured using

SR sensors. However, the main challenge is that these
biosignals can occasionally be inaccurately measured. For
instance, heart rate causes minimal pressure fluctuations.
Therefore, it is likely to be hidden by respiratory and body
motion fluctuations and noise, and simultaneously difficult
to measure. Moreover, errors in identifying a lying posture
may also occur following the differences in physique and
ways of sleeping.

Errors are highly likely in recognizing lying postures as
well as in measuring the respiration and heart rates our
method uses information on pressure in the locations that
conform to the type of lying posture. On the other hand, if
the signal intensity for the measured respiration and
heartbeat is high, then it can be assumed that the
recognition of the lying posture is successful. In the
current paper, we propose a method that can help improve
the recognition of lying posture using measured respiration
and heartbeat signal intensity. First, we confirm that the
success or failure of the recognition of a lying posture in
the method we previously developed are correlated with
the success or failure of the measurement of a heartbeat. In
addition to the probability obtained through machine
learning from tactile images, we use signal intensity for
respiration and heartbeat to propose a method to improve
the performance of the recognition of a lying posture. We
demonstrate the usefulness of the proposed method by
conducting an experiment using real data. In conclusion,
we summarize our findings.

2. Lying Posture Recognition Method Using Tactile
Images and Respiration and Heartbeat Signal
Intensity

2.1. Respiration and heartbeat measuring method

First, we describe the method to measure a person’s
respiration and heartbeat based on the pressure data that
have been measured using a flexible tactile sensor sheet
(Fig. 1) [16]. We first measure the body pressure of a
person lying on their side using tactile sensors laid out on
the bed. We then conduct a frequency analysis for the time
series data for the body pressure measured by the sensor
cells in appropriate locations such as the chest etc. We
used a fast Fourier transform (FFT) for the frequency
analysis [18]. We obtained the person’s respiration and
heartbeat by extracting the appropriate frequency band.

The person whose measurements were taken was resting
on a bed. While resting, respiration and heartbeat are kept
virtually constant. The frequency bands for respiration and
heartbeat can be separated using a band pass filter as they
do not overlap in rest. In a preliminary experiment, the
extracted respiration and heartbeat frequency band are
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determined as follows. (1) The respiration frequency band
was set at 0.1[Hz] - 0.4[Hz]. (2) The heart rate frequency
band was set at 0.8[Hz] 1.6[Hz]. Respiration and heartbeat
wave forms can be obtained by returning the frequency
band to the signal of the time band. Moreover, the
dominant frequency in the corresponding band after FFT
should be obtained in order to obtain the respiration and
heart rates alone.
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Fig. 1. Measurement method of respiration and heartbeat
using a flexible tactile sensor sheet.

Furthermore, body pressure at the appropriate locations
such as the chest must be measured in order to accurately
measure respiration and heartbeat. A lying posture is
detected using machine learning AdaBoost [19] while
body pressure is measured in locations in accordance to
the results (Fig. 2). This achieved robust measurements of
respiration and heart rate in relation to changes in lying
posture [15]. Fig. 2 shows the appropriate measuring
locations where heartbeat peaks were seen in all of the 11
subjects that we took actual measurements for. For the
current study, we used body pressure data of the locations
where pressure was the highest, in the range shown in the

ellipse in Fig. 2.
O
ﬁ “

Prone posture Right lateral posture

Supine posture Left lateral posture

Fig. 2. Suitable locations for measurement of heartbeat.
The circles show the suitable locations for different body
postures. The suitable locations depend on not only the
location but also the lying posture of the person [17].

A Method for Improving

Pressure fluctuations are higher for respiration than for
heartbeat. Therefore, respiration can often be measured
anywhere on the body and without any challenges.
However, if lying posture recognition fails substantially
and the pressure measuring location is placed outside the
body, then it is patent that respiration cannot be measured.
Fig. 3 illustrates such a case. The actual left side lying
posture was erroneously detected as a supine posture.
Therefore, the pressure measuring location is placed
outside the body and the respiration measurement failed.
The time series data shown in the top right corner of Fig. 3
reveal that the fluctuation range is extremely small and
represents noise. Therefore, no peak respiration can be
obtained by applying frequency analysis.
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Fig. 3. Failure example of respiration measurement. We cannot obtain
respiration by means of using the time series data measured at cells without
body pressure.

2.2. Improving Lying Posture Recognition Using
Respiration and Heartbeat Signal Intensity

Measuring respiration and heartbeat is more likely to
fail if lying posture recognition fails. On the other hand,
lying posture recognition is highly likely to be successful
if signal intensity for the measured respiration and
heartbeat is high. We therefore propose a method for the
performance of improving lying posture recognition by
using respiration and heartbeat signal intensity in addition
to probability obtained from the tactile images. In specific
terms, lying posture is obtained based on probability gi(x)
in addition to probability pi(x) for each lying posture that
is obtained through machine
learning from time series data x for the tactile images

qi(xX) = 0o rix) + B - hix) Ty - pilx) (1
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using respiration signal intensity 7;(x) and heartbeat signal
intensity /;(x) measured for each assumed lying posture.
However, a, B, y are weights. Eventually, they shall be a +
B+vy=1and0 < o,B,y < 1. Moreover, i is the number of
lying posture. Further, when the lying posture is category
N, probability from gi(x) to gn(x) can be obtained. In the
current study, these were the maximum lying posture
recognition results. Seemingly, r(x) and #Ai(x), which
represent signal intensity for respiration and heartbeat, are
the SN ratio. This study’s experiment used, SN ratios for
respiration and heartbeat, respectively.

SN ratio for respiration S N,;and SN ratio for heartbeat S
Ny are obtained based on the frequency analysis of time
series data for body pressure locations in line with each of
the assumed lying postures. These SN ratios were defined
as:

Sri

S Nyi 2010g10 _ (2)
N;
S hi

S Nii 20logp —. (3)
N;

S i, S ni, and N; represent the respiration, heartbeat, and
noise signals respectively. The maximum spectra in the
frequency bands for respiration (0.1[Hz]-0.4[Hz]) and
heartbeat (0.8[Hz]-1.6[Hz]) were set to S , and S 4,
respectively. Moreover, N; was set to the RMS of the
signal in the part remaining after deducting the respiration,
heartbeat and body movement signal bands from the
overall frequency band. The respiration signal band is the
range within 0.05[Hz] from frequency fi;to S , and the
second harmonic 2f; and the third harmonic 3f; for
respiration. The heartbeat signal band is the range within
0.05 [Hz] from frequency fi to S 5 and the second
harmonic 2f;; for heartbeat. Further, we used a range of +
0.05[Hz] from the peak as the signal band as the peak
width of the signals for respiration and heartbeat in the
preliminary experiment was 0.1 [Hz]. Moreover, we set
the body movement band as O[Hz] - 0.1[Hz].

3. Flexible Tactile Sensors

Sensors that are capable of high-resolution
measurements of the body pressure of a person lying on a
bed, in spatial terms as well as in terms of pressure are
required in order to implement the proposed method. We
used SR sensors [19], which are tactile sheet sensors. SR

sensors, including the wiring, are entirely made of rubber.
This makes them flexible and pliable and allow for
measurements that avoid any sense of discomfort. Further,
covering them with a sheet for instance does not result in
any issues as it is possible to take measurements without
the need to directly touch them.

This means that using SR sensors that are laid out on a bed
allow for measurements that are non-restrictive, non-
invasive and that can be conducted in circumstances that
are similar to natural sleep.

SR sensors consist of a thin dielectric layer between two
conductive rubber sheets of electrodes (Fig. 4). The black
part of the rubber sheet are electrodes made from
conductive rubber that was made using carbon filler, and
are further laid out perpendicular to each other and on two
layers. The total number consists of m x n cells when the
number of electrodes on both sides is m and n. This is
because capacitive sensors occur where sensors on both
sides intersect. Spatially high-resolution measurements are
achieved by narrowing the electrodes. Further, high
resolution measurements in terms of pressure can be
achieved by increasing the cell surface area.

When pressure is applied, the dielectric layer deforms
hence reducing the distance between the electrodes. This
increases the capacitance of the said area. Scanning the
capacitance of the respective cells using the sensor
controller allows for the recognition of the 2D pressure
pattern. In specific terms, a sinusoid voltage is applied to
each cell. Impedance is further obtained from the current
going through thus obtaining capacitance. The effect of
different wire resistance values for each cell is eliminated
because for equivalent circuits at the time of scanning,
wire resistance is connected in a series of cell condensers.
This is a sensor composition that has been proposed in the
past. Further, sensors with metal electrodes are
commercially available. However, for applications in care
aids such as sleep monitoring systems, issues such as lack
of pliability and high cost remained. We therefore made
use of rubber printing technology to develop flexible and
low cost SR sensors. These sensors are sold by Sumitomo
Riko Co., Ltd under the name SR Soft Vision.

Table 1 outlines the specification of the SR sensors used
in this study. This electrode width allows for the
measurement of body pressure with sufficient spatial
resolution to enable the recognition of different lying
postures. On the other hand, reducing the cell area would
reduce the resolution in terms of body pressure. These
sensors can measure respiration without any challenges as
changes in body pressure are substantial. However,
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because these changes are small in relation to heartbeat,
respiration cannot be measured as is, due to noise.

Printed lead wires

Printed electrodes
on rubber sheets

Electrode layer

Dielectric layer

Electrode layer

Fig. 4. Schematic structure of SR sensor.

Noise must therefore be suppressed and resolution in
terms of pressure increased so as to enable the
measurement of heartbeat.

Table 1. Specifications of the SR sensor.

800
Number of cells Length | Width
32 25
Size of sensor sheet 882 686
[mm] [mm]
Size of a sensor cell 14 14
[mm] [mm]
Size of a gap between cells 14 14
[mm] [mm]
Thickness of sensor sheet 3.5 [mm]
Sampling rate of all the 800 5 [Hz]
cells
Sampling rate of the 4 20 [Hz]
precision cells

4. Lying Posture Recognition Experiment
4.1. Experimental method

To verify the usefulness of the proposed method, we
conducted an experiment to detect the lying posture of a
person lying on their side on top of SR sensors laid out on
a bed. The subject’s positions were divided into 4 namely
facing up, facing down, lying on their right side and lying
on their left side. Each of these lying postures were taken
10 times. Further, time series data for body pressure were

A Method for Improving

obtained for a total of 40 times. For each of these 40 data
sets, probability gi(x), as defined in Section II-B, was
obtained and lying postures detected.

First, we used the method by Mukai et al. [17] to obtain
probability pi(x) for each lying posture based on the body
pressure data. The length of one body pressure data set
was set to 51.2 seconds (51.2 x 20 [Hz] = 1024) because
conducting FFT requires that the number of data sets be a
power of 2. The subject maintains the same lying posture
for the full 51.2 seconds. Therefore, the obtained
probability is virtually constant. The average for the 51.2
seconds was therefore set as pi(x). The 4 high-accuracy
cells were then placed in the respective suitable locations
for measuring the heartbeat for all lying postures, as
shown in Fig. 2. Further, the signal intensity for respiration
and heartbeat (r(x) and hi(x): i = 1,2,3,4) was obtained
from the time series data for body pressure. We used the
SN ratio as the signal intensity for this study. Finally, gi(x)
is calculated from these and lying posture recognition is
performed. The present study was approved by the
Research Ethics Committee of the Kyushu Institute of
Technology. Further, Informed Consent was obtained in a
writing from each subject taking part in the experiment.

If the signal intensity for respiration and heartbeat
during the true lying posture is stronger than others, the
final recognition result can be accurately corrected based
on gi(x) by setting the appropriate weight. This can be
done despite an error existing in the posture recognition
using probability pi(x) from the tactile image only. We
further conducted the following experiment to evaluate the
performance of the proposed method.

Forty data sets were obtained for one subject, a 34-
yearold male. These data sets were labeled Al.
Recognition rates were examined for various weights
(a,B,y) for data set Al. A confusion matrix of the 4 lying
postures was also studied.

4.2. Experimental results and discussion

Fig. 6 shows the recognition rates with weights varying
between 0 and 1 at 0.1 intervals. The horizontal and
vertical axes represent weight o and P respectively. The
colors represent the recognition rates corresponding to the
weight indicated by the bottom left coordinates. In
conditions where a + f+y=1and 0 <a, B, y < 1, values
with the respective weights are 0 =0, 0.1, ---, 1, B =0, 0.
1,-- ,1=a, y =1 — a — B. Fig. 6 does not display weight y
as v is determined when o and [ are decided upon.
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Fig. 6. Recognition rates of the lying postures (Dataset
AT). Recognition of lying postures is improved by means
of using a measured signal intensity of respiration and
heartbeat. For example, the recognition rate of (a,B,y) =
(0.6,0.1,0.3) is higher than that of (a,B,y) = (0,0,1).

Fig. 6 shows the recognition rate is the highest at 82.5%

when (o,B,y) = (0.6,0.1,0.3) or close to that. In detail,
weights are the highest for (a, B, y) = (0.5,0.1,0.4),
(0.5,0.2,0.3), (0.6,0,0.4), (0.6,0.1,0.3), (0.7,0,0.3).
The recognition rate is 72.5% when (a, B, y) = (0,0,1). The
recognition rate for the proposed method with weight set
at e.g. (a,B,y) = (0.6,0.1,0.3), is 10% higher than for
conventional methods that use only tactile images.

Moreover, Table 2 shows the averages and standard
errors for the parameters obtained from the 40 data sets
rather referred to as Al. These are pi(x), 7i(x), hix), gi(x)
when weight is (a,B,y) = (0.6,0.1,0.3), with the top and
bottom rows showing the parameters when lying posture is
true and false respectively. A false lying posture is the
posture with the highest value out of the 3 false postures.
All the parameters are higher for the true lying positions.
Further, it is clear that they are appropriate to use for
recognition. Furthermore, the ratios for p;(x) and gi(x) for
true and false lying postures are shown in rows 7 and 8§,
respectively. The higher the ratio, the higher the
probability for the true lying posture in relation to the
probability for other lying postures. Furthermore, stable
recognition is possible. We further performed a paired t-
test with a significance level of 0.05 in order to examine
and confirm whether there is a difference between these
two ratios. The null hypothesis states that the ratio
between pi(x) and gi(x) does not differ. Furthermore, the
degree of freedom is 39. This revealed that t-value ¢ =
—3.27, p = 2.3 x 1073, and that there was no significant
difference. This confirmed that in addition to the
probability obtained from the tactile image, lying posture

recognition can be improved by the appropriate use of
signal intensity for respiration and heartbeat.

Table 2. Parameters of dataset A1 with (a,B,y) =

(0.6,0.1,0.3): pi(x), qi(x), pr(x)/pr(x), and gr(x)/gr(x).
Recognition performance using ¢i(x) is improved than that

using pi(x).
Lying . A
posture pix) | gdx) | pr(x)/pr(x)|qr(x)/qr(x)
T 50.1+ | 402+
e 457 1 sg 2i0390i 2i4§4i
False [29.7 19.(19.8 11.¢ : '

5. Conclusion

We proposed a method to improve the performance of
lying posture recognition by using measured respiration
and heartbeat signal intensity. We conducted experiments
using actual data and demonstrated the fact that
recognition performance can be improved by using
respiration and heartbeat signal intensity along with the
probability obtained from the tactile images. Moreover,
we used data from different trials with the same subject
and data for different subjects to confirm the versatility of
the proposed method.
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