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ABSTRACT

Daily monitoring of respiration and heartbeat while sleep-
ing provides basic data for the assessment of personal
health and early detection of diseases. The monitoring
should not interfere with natural sleep, and it is desirable
that the sensor be imperceptible to the person being mea-
sured. We propose a method for non-invasive and un-
constrained measurement of the lying posture, respiration
and heartbeat of a person on a rubber-based tactile sensor
sheet. The tactile sensor is soft, flexible, and thin, and is
not uncomfortable for the person lying on it. To extract
faint heartbeat signals from pressure changes detected by
the sensor, precision measurement based on improvement
of the SIN ratio by averaging oversampled data is needed.
This process takes some time and can be performed at only
a limited number of locations on the sensor. To determine
the locations, we detect the lying location and posture of
the measured person on the sensor by using pattern recogni-
tion based on machine learning. In this paper, we describe
the measurement method and report the experimental re-
sults.

KEY WORDS
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1 Introduction

Monitoring of respiration and heartbeat while sleeping
gives basic and important information for the assessment
of personal health and early detection of diseases. For use
indaily life, the monitoring should be non-invasive and un-
constrained, and use of the measurement apparatus should
be simple and easy.

Many methodsfor unconstrained measurement of res-
piration and/or heartbeat have been presented in the litera-
ture. In[1, 2, 3], pressure or vibration sensors in air-sealed
cushions under a mattress are used to detect respiration and
heartbeat. Other methods include using flexible piezoelec-
tric film sensors [4], load cells [5], ultrasound transmitter
and receiver pairs [6], and microwave Doppler radar [7].
These methods do not obtain pressure distribution patterns
and cannot distinguish the lying posture of the person on a
bed. When two or more persons, or a person with a pet, are
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on a bed, their pressure changes mix and cannot be mea-
sured separately. The information of alying postureis also
useful for deciding the sleeping condition and diagnosing
problems such as sleep apnea syndrome (SAS) and decu-
biti. In one study, pressure distributionand respirationwere
measured by many pressure sensors attached on a bed [8],
but heartbeat was not detected. Each method has individual
problems: air-sealed cushions are several centimeters thick
and so are not sufficiently thin, piezoelectric film sensors
must be placed near the heart of the measured person, and
other devices are relatively expensive and setting them is

not easy.

We are devel oping a method of measuring the posture,
the respiration rate, and the heart rate of a lying person by
using atactile sensor. Thetactile sensor issoft, flexible, and
thin, and is not uncomfortable for the lying person on it.
Respiration and heartbeat obtained by the tactile sensor are
extracted from pressure changes over time. These signals
are small compared with theload of the person’sweight. In
particular, heartbeat signals are faint. To measure them, we
improve their signal-to-noise(S/N) ratio by averaging over-
sampled data. However, the averaging process takes time
and can be performed only at a limited number of locations
on the tactile sensor. The suitable locations for heartbeat
measurement depend on not only the lying location on the
sensor but aso the lying posture of the measured person.
Therefore, location and posture must be detected first. In
our method, we use a pattern-recognition technique based
on machine learning for this purpose.

In this paper, we first explain our proposal for the ly-
ing posture, respiration rate, and heart rate measurement
system. We use arubber-based flexibletactile sensor inthis
system, and so we particularly describe this sensor. Next
we mention how to detect respiration and heartbeat. We ex-
plain that the measurement of heartbeat must be performed
at suitable locations determined by the measured person’s
lying location and posture. Then we describe the method
to determine them by using a pattern-recognitiontechnique
based on machine learning. We describe our evaluation of
thissystem using real data, then conclude this paper.
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Figure 1. Setup of our sleep monitoring system (@), and
photos of the SR sensor with and without a person on it
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2 Setup of the Measurement System

The setup of the lying posture, respiration, and heartbeat
measurement system is shown in Figure 1 (a). The mea-
sured person lies on atactile sensor. It is an unconstrained
measurement system because the person can take a favorite
lying location and posture as long as he/she is on the sen-
sor. We developed an SR (Smart Rubber) sensor [9] as the
tactile sensor.

The SR sensor isarubber-based capacitivetactile sen-
sor. It has a structure consisting of two rubber sheets with
athin dielectric layer put between them, as shown in Fig-
ure 2. Carbon-filled conductive rubber is printed on the
rubber sheets to form electrodes. The electrodes on the up-
per and lower sheets cross orthogonally, and each crossing
part becomes a capacitor, which we refer to as a cell. All
the cells in the two-dimensional array constitute the tactile
SEnsor.

When pressure is applied on the SR sensor, the di-
electric layer deforms and the distance between the upper
and lower electrodes becomes shorter. As aresult, the ca
pacitance of the cell increases. By scanning the capaci-
tances of the cellsin the SR sensor, we can detect the two-
dimensional pressure distribution on the sensor. Tactile
sensors based on this principle were proposed years ago,
and sensor sheets that employ metal electrodes are com-
mercialy available [10], but the high cost and/or the lack
of flexibility areissuesfor their use in healthcare situations.
We developed a soft and flexible SR sensor consisting of
rubber parts that include the electrodes. The electrodes are
made by printing, which keeps the fabrication cost low.

Because the SR sensor is soft and flexible, it is not
uncomfortable for the person lying on it. The current
sensor has 16x 16 cells and the pressure-sensitive area is
478 mmx 478 mm and 3.5 mm thick. A larger bed-size
sensor is desirable and, in principle, can be made, but cur-
rently we use this size of sensor because of its availability.
Photos are shown in Figure 1 (b).

The SR sensor is connected to a controller, which ob-
tains the pressure distribution by scanning. Measuring one
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Figure 2. Schematic structure of the SR sensor.

cell takes 184 us, which means 47 ms for the whole sen-
sor sheet. The pressure distribution is sent to a PC, where
the lying posture, the respiration rate, and the heart rate are
detected by pattern recognition and signal processing.

3 Measurement Method

The basic flow of the proposed method is shown in Fig-
ure 3. Of the cells responding to the weight of the mea-
sured person lying on the sensor, ones that are suitable for
respiration and heartbeat measurement are selected. From
the time series of pressure obtained from these cells, res-
piration and heartbeat signals are extracted by signal pro-
cessing. When a person lies quietly on a bed, respira-
tion has a frequency range of approximately 0.1-0.5 Hz,
and the heartbeat has a frequency of approximately 0.9
1.5 Hz; thus, they can be extracted by, for example, band-
pass filters. When only frequencies are required, we can
obtain them by finding the peaks in the bandwidths. We
already confirmed that respiration and heartbeat frequen-
cies detected by this method agree with those obtained by
commercial measurement apparatus[11], which used ares-
piration sensor with a band measuring the breast circum-
ference and a heartbeat sensor recording the electrocardio-
gram (ECG).

Generally, in tactile sensors that measure pressure
distribution, high-precision devices cannot be adopted for
each element constituting the two-dimensional array be-
cause of cost and size limitations. Consequently, the SIN
ratio of the pressure detected by tactile sensorsis not high.
Our SR sensor aso has this problem, but the detection of
respirationis still possible. For detecting heartbeat signals,
which have smaller changes in pressure compared to res-
piration, however, we need to suppress noise and perform
highly precise measurements. We improve the S/N ratio by
sampling the pressure at a rate much faster than the signal
frequency (oversampling) and averaging the results. Asis
well known, by averaging /N -sampled data, the noise am-
plitude becomes 1/+/N, if the noise is random. The noise
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Figure 3. Extraction of respiration and heartbeat signals from SR sensor output.
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Figure 5. Time series of 36-times oversampled averaged
SR sensor output and its FFT result.

can be amix of discretization noise, thermal noise, the in-
fluence of parasitic capacitance, and so on, but here we do
not further pursue the details.

Figure 4 shows a time series of the pressure detected
by an SR sensor cell at a location near the heart and its
fast Fourier transform (FFT) result for a person lying on
the sensor in the supine posture. As the sensor output, we
adopted the capacitance of the cell before it is converted
to pressure. We can easily find the respiration component,
which is the large oscillation. Fluctuations caused by the
heartbeat are imposed on thissignal, but they are small and
inarticulate. In the FFT result, the peak in the respiration
bandwidth is distinctive, but a clear peak cannot be found
in the heartbeat bandwidth. For comparison, we show the
36-times oversampled averaged signal and its FFT resultin
Figure 5, where the measurement was made simultaneously
withthat in Figure 4. The measurement accuracy was much
improved, and we could find changes possibly caused by
the heartbeat. Actually, we found a distinctive peak in the
heartbeat bandwidthin the FFT result.
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By averaging oversampled signals in this way, we
can attain the S/N ratio needed for heartbeat measurement.
However, if we apply thismethod to all the cellsin the SR
sensor, too long atimeis needed to realize the sampling fre-
guency for respiration and heartbeat measurements. Thus,
we confine the precision measurement to a limited num-
ber of cells. We refer to the cells as precision cells. We
adopt 36-times oversampled averaging, used in Figure 5,
for heartbeat detection. Then, using the current 16x16 SR
sensor of 184 ps sampling time for one measurement, it
is possible to measure the whole pressure distribution at
10 Hz, while simultaneously performing the precision mea-
surement in 4 cells at 20 Hz. Because the number of preci-
sion cellsislimited, we must set them at locations suitable
for heartbeat detection.

To determine suitable locations for heartbeat mea-
surement, we performed precision measurements at all the
cells responding to the weight of the measured person.
When we perform a 1024-point Fourier transform that pro-
vides a sufficient frequency resolution, the necessary mea-
surement time is more than 51 s for one cell. Inthe current
system, only 4 precision cells can be set at the same time;
thus, we must shift their locations and perform the mea-
surements repeatedly. When half of the cells are respond-
ing to the weight, a 16x 16 SR sensor reguires an approx-
imately 30-min measurement time in total. We conducted
thisprecision cell measurement for supine, prone, right lat-
eral, and left lateral postures. During that time, the mea-
sured person kept the lying posture as steadily as possible.
We performed the FFT on each measured cell. Asan exam-
ple, the obtained spectra of the pressure for a prone posture
are shown in Figure 6. Thisillustratesthat cells at limited
locations can detect pressure changes caused by the heart-
beat. Figure 7 shows the suitable locations for heartbeat
detection determined by this method. Different measure-
ment locations are selected for each lying posture. That is,
we must detect not only the lyinglocation but also the lying
posture in order to set precision cells at locations suitable
for heartbeat detection.

4 Pattern Recognition for Classifying Lying
Postures

To set precision cellsto suitable locations for heartbeat de-
tection, we detect thelocation and posture of a person lying
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Figure 6. Spectra of pressure from different cells when a person in prone posture was on the sensor. Cells without pressure are

omitted.

Supine posture Prone posture Right lateral posture  Left lateral posture

Figure 7. Suitable locations for heartbeat detection. The
circles show suitable precision cell locations for different
lying postures.

on the tactile sensor on the basis of the pressure pattern.
Referring to human detection methods in image process-
ing, we propose a method using machine learning. Its ba-
sic flow is shown in Figure 8. In this method, a pressure
pattern isreferred to as a tactileimage.

First, we obtain sample tactile images of supine,
prone, right lateral, and left lateral postures that we intend
to classify. To acquire generalization ability, it is desirable
that images are obtained from many people. Because of
the different physiques of measured persons, the size of
the figures and the pressure ranges in the tactile images
are different. Furthermore, even in images from the same
person, the locations and orientations of the figure in the
image frame are different for each measurement trial. For
efficient machine learning for constructing a classifier, we
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perform pre-processing to absorb these differences. Specif-
ically, we obtain normalized images having figures with a
standardized location, orientation, size, and pressure range
by applying scale-change, rotation, cutting-out, and vector-
normalization to the raw original images.

We construct a classifier of lying posturesfor the nor-
malized tactile images obtained above by machine learn-
ing. Many methods have been proposed for machine learn-
ing, for example, support vector machines [12], neural net-
works [13], and random forests [14]. In our method, we
adopt AdaBoost [15], which is often used in image pro-
cessing. The standard AdaBoost isfor two-class classifica
tion; thus, we use SAMME [16], which is an extension of
AdaBoost for multi-class classification.

In SAMME, thefina classifier isconstructed by com-
bining weak classifiers that generally have insufficient abil-
ity for classification. Suppose that the input as a normal-
ized tactile image converted to a vector is x, the label in-
dicating a class to be classified isk € {1,..., K}, weak
classifiers are hy, (x) (m = 1,..., M), and weights are
am (m = 1,..., M). Then the output of the final classi-
fier isgiven by

H(x) = arg max > am L(hm(x)=k), (1)

m=1

where I(-) is the function that outputs 1 when the input is
true and O when the input is false. The weak classifiers
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hm(®) and weights «,, in the final classifier are deter-
mined by learning. For output of the final classifier, we
prepared five classes. supine, prone, right lateral, left lat-
eral postures, and negative (not a lying posture).

Weak classifiers are defined so asto output one of the
five classes above in response to the normalized tactile im-
age as input. We adopt
2

h(w) = arg min py || — fil?,
k

where fi (k = 1,..., K) isavector representing class k.
A class whose f;, is the nearest to the input vector under
weighting by pr (k = 1,..., K) is selected as the output
of the weak classifier, except in the following case. If, for

athreshold @ > 1,
lo
I (©))

where /; and [, are the first and second minimums of
prll® — fil|?, then the output is the negative class, be-
cause no clear difference exists between the distances to
the classes. Wesk classifiers have parameters gy, fx, 6; by
adopting different values for them, we can have different
weak classifiers. Using SAMME, we select weak classi-
fiers with specific parameters suitable for classification.

In the execution stage after learning, the input tactile
images are larger than those in the learning stage and not
normalized, so that we need to cope with variations in the
location, orientation, size, and pressure range of the figure
in the input image. For this purpose, our proposed method
produces variations of the input image by scaling and ro-
tating it, then our method scans the variations with a de-
tection window connected to the classifier constructed by
SAMME. The area of the scanned image overlapping with
the detection window is cut out and vector-normalized, and
then theresult is sent to the classifier.

By scanning the image variations with the detection
window, the best-matched location and posture are found
and adopted as the output of the detection system. For this
purpose, when one of four lying postures is output by the
classifier connected to the detection window, not only the
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lying posture but a so the confidence, defined asfollows, is
recorded for each detection window location.

M

[Confidence] = mkaxmz_:1 a1 (hp(2) = k)
Then the location and posture that have the maximum con-
fidence are selected asthe final output. By inversely apply-
ing scaling and rotation to the selected detection window,
the location, size, and orientation of the figure in the origi-
nal input image is obtained.

We employ the following parameters to specify the
scanning method. The parameters are also determined ac-

cording to the sample images.

Adjuster of thethreshold in aweak classifier (f.q;)
When an input image is scanned, we substitute Eq. (3)
with ;

2 <0+ gadja

h

where 6.4; is an adjusting value. In the execution

stage, images larger than normalized images are input.

An input image is scanned by the detection window

and, as a result, images with a figure not standardized

are also input to the classifier. To classify them to the
negative class, we introduce ;.

List of input image magnifications (L ,,s) To absorbthe
size difference of the figure from the normalized im-
ages, a set of images with different magnifications is
produced for scanning. L, is the list of the magni-
fications.

List of input imagerotations (L ;) To absorb the orien-
tation difference of the figure from the normalized im-
ages, a set of images with different rotations is pre-
pared for scanning. L. isthe list of rotations.

Penalty for scale change (pmag) Under the assumption
that thefigure sizein the normalized image is the most
common, the confidence in scale-changed image vari-
ationsis reduced by multiplying

1 — Pmag x |1 — [Magnification rate]|.
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Figure 9. Examples of the original pressure patterns of the supine and prone postures.
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Figure 10. Examples of the normalized pressure patterns of the supine and prone postures.

Penalty for rotation (p.ot) Under the assumption that the
figures in the normalized images have the most com-
mon orientation, the confidence in rotated image vari-
ationsis reduced by multiplying

1 — prot x |1 — [Rotationangle [rad]]|.

The values of these parameters are determined by a thor-
ough investigation of sample tactile images. The values
that realize the smallest miss hit rate are selected from the
candidates.

5 Evaluation
5.1 SamplesUsed

To evaluate the proposed method, we obtained tactile im-
ages when 11 persons were lying on the SR sensor in
supine, prone, right lateral, and left lateral postures. We
received written consent from the parti cipantsto the evalu-
ation experiments . For each lying posture of each person,
we obtained three tactile images because the lying location
and posture change slightly in each trial. The attributes of
the 11 subjectsare shownin Table 1. Asexamples, theorig-
inal tactileimages obtained from four persons are shownin
Figure 9. Pressure isindicated by a normalized grayscale
image, in which white represents the maximum pressure
and black represents no load. Images from the same pos-
ture of the same person have similar patterns, while those
from different persons are somewhat different, even when
they are in the same lying posture. Figure 10 shows nor-
malized images of the original tactile images.

To evaluate the performance of the proposed method,
we use leave-one-out cross validation. In this method, data
from one person are extracted as test data, and the other
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Table 1. Subject attributes.

mae | femae
adult 6 3
child 1 1

data from 10 persons are used as training data. Then the
miss hit rate is calculated for the test data. This procedure
is repeated 11 times by changing the extracted person to
obtain the average miss hit rate, which indicates the gener-
alization error of the proposed method.

5.2 Learningby SAMME

Classifiers of the lying postures were constructed by learn-
ing using SAMME. For candidates of the parameters of the
wesk classifiers, we used the following. For pg, {1,2,3}
were prepared, and for 6, {1.05,1.1,1.2,1.3} were pre-
pared. For the candidates of f;, we selected tactile images
(converted to vectors) in posture k in the training data, one
from each person. By combining all these candidates, the
number of possible weak classifiers was 3* x 4 x 10* =
3,240, 000. From them, we selected M = 30 weak classi-
fiers hp, (x) and their weights «,,, by using SAMME.

Figure 11 shows an example of the misshit rateswhen
SAMME was applied to data from a set of 10 persons. The
other combinations of 10 persons had similar trends, where
the miss hit rates were 0% for 10 or more weak classifiers.
These low miss hit rates were obtained for normalized im-
ages, but therate is expected to be higher for original input
images. Thus, we obtained 30 weak classifiers to construct
afinal classifier.
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Figure 12. Searching the smallest miss hit rate by changing
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5.3 Search for Scan Parameters

For the scan parameters, we searched and selected the ones
realizing the smallest miss hit rate for the training images.
The candidates are as follows.

Adjuster of thethreshold in aweak classifier (f.q;)
{0,0.1,0.2,0.3,0.4,0.5}

List of input image magnifications (L mag)
{(1),(1,1.1),(0.9,1,1.1),(0.9,1,1.1,1.2) }

List of input imagerotations (L vot)
{(0), (—0.26,0,0.26), (—0.52,—0.26,0,0.26,0.52) }

Penalty for scale change (pmag) {0, 1,2}
Penalty for rotation (p.ot) {0, 1,2}

For example, L. = (0.9,1,1.1) means that the input
image is magnified by 0.9, 1, 1.1 to prepare three different-
scale images for scanning. For the unit of rotation, the ra-
dian was adopted. Miss hit rates when L5, and 0,4; were
changed are shown in Figure 12. This procedure was con-
ducted for all parameters.

After learning by SAMME for 30 wesk classifiers, the
scan parameters were determined. Miss hit rates in leave-
one-out cross validation for the 11 sets of original training
images without normalization and of test images are shown
in Figure 13. Miss hit rates for normalized training images
that were al 0% are not shown in thisfigure. The miss hit
rates for test images 3 and 5 are higher than the others. This
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Figure 13. Miss hit rates of original training images and
test images.

may be because these tactile images were largely different
from the others because they were taken from children. The
average miss hit rate is 10.1% for original training images,
and 15.9% for test images.

5.4 RealtimeProgram

We developed a program that outputsin realtime the lying
posture, therespiration rate, and the heart rate of the person
on the SR sensor by using the learning results of SAMME
for 30 weak classifiers and scan parameters. Four preci-
sion cells are set at pre-determined |ocations according to
the classified lying posture. Three locationsare selected for
heartbeat detection and onefor respiration detection, onthe
basis of the spectra of pressure from different cells, such as
those shown in Figure 6, for each lying posture. We use one
precision cell for respiration detection: if al precision cells
are assigned to heartbeat detection, respiration oscillation
that has different phases at each location may interfere and
become small, though it is a rare occurrence. The FFT is
applied to the average of four precision cell outputs con-
taining respiration and heartbeat signals. Then, by finding
the peaks in the corresponding bandwidths, the respiration
rate and the heart rates are detected. For the FFT, 1024-
point data during approximately 51 s are used. Samples
of the average of the precision cell output, its FFT result,
and detected frequencies for supine and prone postures are
shown in Figure 14.

6 Conclusion

We have proposed a method for measuring the posture, res-
piration, and heartbeat of a person lying on a soft tactile
sensor on a bed. To detect the heartbest, precision mea
surements are needed and this takes some time. Thislim-
its the number of locations on the sensor where precision
measurements are taken. In our method, a classifier of ly-
ing postures constructed by machine learning is used to de-
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termine these locations. We evaluated the system perfor-
mance by using data sampled from 11 persons. The results
showed that the average miss hit rate for new datais 15.9%.
We devel oped arealtime measurement system based on this
method.

In the current evaluation system, the tactile sensor is
limited to the size of an upper body. If the size is larger
and the hip and legs can be detected, it is expected that the
miss hit rate of classification decreases. Extracting some
feature values from pressure patterns before applying the
classifier may aso help reduce the miss hit rate. In future
work, we will improve the accuracy of the lying posture
classification and establish an unconstrained measurement
system that does not disturb natural sleep. Our final goal
is to develop a sleep monitoring system for deciding the
quality of sleep and detecting diseases.
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