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A Smart Flexible Vital Signs and Sleep Monitoring
Belt Based on MEMS Triaxial Accelerometer

and Pressure Sensor
Chunhua He , Jiewen Tan, Xuelei Jian, Guangxiong Zhong, Lianglun Cheng, and Juze Lin

Abstract—People spend about one third of their lifetime in
sleep, and sleep quality has a great impact on people’s health.
Therefore, vital signs and sleep quality monitoring are more
and more important. In this article, a novel smart flexible sleep
monitoring belt with MEMS triaxial accelerometer and pres-
sure sensor is developed to detect vital signs, snore events, and
sleep stages. Besides, the related algorithms and methods for
data preprocessing, heart and respiration rates detection, snor-
ing recognition, and sleep stages classification are proposed in
detail. Then, a series of sleep experiments is performed based
on the experimental platform for the smart flexible belt, and
the test results measured by PolySomnoGraphy are used as
the golden standards for comparison. The experimental results
demonstrate that the detection accuracies of heart rate and res-
piration rate of the belt are about 1.5 and 0.7 bpm, respectively.
The accuracy of 97.2% is achieved by the proposed snoring
recognition method. In addition, as for 2-stage analysis, the
sensitivities of awake and asleep stages are 90.2% and 100%,
respectively; meanwhile, the corresponding accuracy of sleep
stages prediction is as high as 95.1%. However, as for 4-stage
analysis, the sensitivities of awake, rapid eye movement, light
sleep, and deep sleep stages are 90.2%, 77.1%, 78.1%, and
73.5%, respectively; meanwhile, the corresponding accuracy of
sleep stages prediction decreases to 79.7%. In general, the test
results indicate that vital signs detection, snoring recognition,
and sleep stages classification based on the sleep monitoring belt
are feasible and effective. Hence, this smart flexible belt can be
widely used for sleep monitoring at home due to low cost and high
performance.

Index Terms—Flexible belt, MEMS accelerometer, pressure
sensor, snoring recognition, vital signs and sleep monitoring.
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I. INTRODUCTION

RECENTLY, there are more and more people with
sleep disorders, and the decline of sleep quality makes

most people disturbed and anxious [1]. Obtrusive sleep
apnea (OSA) is one of the most important sleep disorders,
which has a great impact on the sleep quality [2]. Sleep quality
is related to age [3], cardiovascular, neurological, and psy-
chosomatic conditions, which reflects the homeostasis status
of autonomic nervous system (ANS) organization and circa-
dian rhythms [4]. ANS is composed of the sympathetic and
the parasympathetic nervous systems. Sleep stages mainly
include rapid eye movement (REM) and various non-REM
stages (NREM). NREM stages comprise awake, light sleep,
and deep sleep stages [5]. Given that it is of great significance
to evaluate the sleep quality, more and more research institutes
pay attention to it and have proposed some effective and fea-
sible methods of Internet of Things (IoT), including contact
and noncontact, wearable, and nonwearable sleep monitoring
schemes.

At present, the golden standard technique for assessing
sleep quality is polysomnography (PSG), which is a
combination of electroencephalography (EEG), electrocardio-
graphy (ECG), electrooculography (EOG), and electromyo-
graphy (EMG) [6], [7]. However, it is time consuming,
uncomfortable, obtrusive, and expensive. Although long-term
wearable in-ear sensor can be adopted for recording the elec-
troencephalogram (ear-EEG), the accuracy is not high enough
yet [8], [9]. Smartphone can be used for OSA and sleep qual-
ity monitoring, nevertheless, it is power consuming and the
test results are easily disturbed by ambient noises [10]–[12].
Even if OSA events can be detected by ultrasound sensor,
it is also uncomfortable for the users to wear it on the
neck [13].

Sleep positions have something to do with sleep quality;
thus, smartphone, wristband, and chest band, composed of
MEMS inertial measurement unit (IMU) or accelerometer, are
utilized to collect the sleep data [14]–[16]. Whereas, it is
uncomfortable for the users to wear these devices all night
long. IMU or accelerometer, and piezoelectric sensor can be
fixed under the mattress for sleep monitoring [17], [18], but it
only detects the body movement accurately, rather than heart
and respiration rates. In order to advance the sensitivity, a
bed-mounted seismometer is utilized to measure heart and
respiration rates [19], [20], but this scheme is high cost and the
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sensitivity is apt to be affected by the structure and material
of the bed.

Commercially, wrist sleep monitors, such as ActiWatch,
can continuously monitor the sleep quality for multiple
days [21]–[23], but it is difficult to accurately estimate dif-
ferent sleep stages merely based on the hands’ movements.
Even though the detection precision of a multimodal sensor
system measuring hand’s acceleration, ECG, and distal skin
temperature outperforms that of ActiWatch, it still needs to be
improved. On the other hand, a MEMS triaxial accelerome-
ter and a pressure sensor can be combined together to fulfill
sleep monitoring [24]. The former is applied to estimate the
sleep pose and activity, while the latter is utilized to measure
heart and respiratory rates. Sleep stages are identified based
on heart rate and activity, while sleep quality is evaluated by
sleep pose, sleep apnea, and sleep time. But it is a redundancy
design because accelerometer can be adopted to measure heart
and respiratory rates.

Flexible and thin sensor materials are very useful for phys-
iological applications where the sensor is in contact with
the body directly or indirectly [25]. The sensor is integrated
into clothing, chair, bed sheet, mattress, or bed, which is
designed to be as unobtrusive and comfortable for the users
as possible. Nowadays, some polyvinylidenefluoride (PVDF)
film and electromechanical film (EMF) materials are widely
used in physiological measurement systems to detect the heart
and respiration rates, as well as sleep movement [26], [27].
The sensitivities of both materials are high enough to sense
the super weak physiological signals of vibration and vital
signs [28], [29]. Nevertheless, there are some inevitable mis-
judgments about in-and-out-of-bed activities for a sole sensor
without other sensors’ fusion. Although EMFs and load cells
can be merged into the bed to acquire vital signs, body
movements, and in-and-out-of-bed activities [30], the cost of
the bed or mattress is very high. Similarly, a piezoelectric
ceramic sensor is mounted in the cavity of the pillow made of
shape memory foam for sleep monitoring [31], [32]; although
the detection sensitivity is high, the pillow’s cost is also
high. In order to further enhance the sensitivity, laser blood
flowmeter and optical fiber interferometer are embedded in the
mattress or bed for sleep monitoring [33]–[35]. However, the
cost is more expensive than those of the formers.

In addition, there are three common noncontact and long-
distance sleep detection approaches, namely, camera, radar,
and WiFi schemes. Sleep process can be recorded by infrared
cameras, and then, the respiratory rate and posture are esti-
mated based on the videos [36], [37]. Nevertheless, the high
cost induced by multiple infrared cameras makes it difficult to
promote the application. Furthermore, the users will inevitably
worry about privacy issues resulted from the cameras. Radio-
frequency (RF) sensors, such as single-tone continuous-
wave (CW, also called Doppler radar), frequency-modulated
CW (FMCW), impulse radio ultrawide band (IR-UWB), and
millimeter wave radar sensors, are similarly applied to moni-
tor the sleep quality and vital signs [38]–[41]. Generally, the
detection accuracies are very high, but apt to be interfered
by multiple persons in the same space. Although the WiFi
transmitter and receiver can be used to detect the respiration

Fig. 1. Photograph of a smart flexible belt.

Fig. 2. Structure and operation principle of a pressure sensor unit.

rate and posture during sleep [42]–[45], it cannot monitor the
heart rate.

Hence, in order to achieve high performance, low cost, and
comfortable experience, this article will propose a smart flex-
ible vital signs and sleep monitoring belt based on MEMS
triaxial accelerometer and pressure sensor, followed by detec-
tion and analysis methods. It can be applied to detect heart and
respiratory rates, body movement, in-and-out-of-bed activity,
and snore event, which will be applied to further estimate the
sleep stages and sleep quality.

II. SYSTEM DESIGN FOR FLEXIBLE BELT

The picture of a smart flexible belt is shown in Fig. 1. It is
mainly composed of a digital signal processor (DSP) circuit
and a flexible sensor film. The belt is packaged by microfiber
cloth, which is thin and has a better texture. Due to the large
friction, it is not easy to be moved when the belt is placed
on the mattress. The flexible polyethylene terephthalate (PET)
film inside the belt consists of a pressure sensor array and a
MEMS triaxial accelerometer. The accelerometer is mounted
on a flexible printed circuit (FPC), which is fixed on the top
of the film with double faced adhesive tape. The wires or
electrodes in the film are fabricated with silver paste, which
can guarantee that the maximum resistance of the wires is less
than 20 �.

The structure and operation principle of a pressure sen-
sor unit are shown in Fig. 2. The top layer and bottom
layer are both PET materials, while the isolation layer is
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Fig. 3. System overview for a smart flexible belt.

the double faced adhesive tape. The size of a PET film is
13 cm × 75 cm × 0.025 cm, and the adhesive force is more
than 15N/25 mm. The insulation resistance is bigger than
100 M�, and the tolerant voltage is 250 VRms. The threshold
of the pressure sensor unit is designed to be 20 gf, which can
filter the interferences induced by some quilts and mats. That
is, once the force exerted to the button is larger than 20 gf, the
pressure switch is on, otherwise, it is off, as shown in Fig. 2.
Hence, based on the output of this pressure sensor array, it
is easy to judge whether there is a person or a heavy object
pressing on the flexible belt. Combined with the vital signs
measured by the MEMS accelerometer, the in-and-out-of-bed
state of the user can be recognized.

The overview of the DSP circuit system is depicted in
Fig. 3, which mainly includes three subsystems, namely, power
supply subsystem, processor subsystem, and sensor subsystem.

1) Power Supply Subsystem: Dc/dc converter, low dropout
regulator (LDO), and power adapter are applied to
generate the appropriate supply voltages to the other
subsystems.

2) Processor Subsystem: STM32F411 ARM is chosen as
the core microprogrammed control unit (MCU), which
has enough resources to achieve the key algorithms
of vital signs detection, snoring recognition, and sleep
stages classification. USB interface is utilized to connect
with personal computer (PC), while the WiFi module is
used to achieve the IoT communication. Flash memory
is applied to save the log data and sleep results for the
last month.

3) Sensor Subsystem: A triaxial MEMS accelerometer
ISM330DLC is adopted to acquire the weak vibration
signals, which can be applied to extract the heart and
respiratory rates, body movement, snore event, and so
on. This sensor is the core of the belt. Besides, a pres-
sure sensor array realized in the flexible belt is applied
to detect the in-and-out-of-bed state of a user.

The experimental platform for the smart flexible belt is
set up after the system design, as shown in Fig. 4. Based
on this test platform, a series of sleep experiments can be
performed.

Fig. 4. Experimental platform for the smart flexible belt.

Fig. 5. Flowchart of vital signs detection and sleep stages classification.

III. SLEEP ANALYSIS METHODS

The flowchart of vital signs detection and sleep stages
classification is shown in Fig. 5. The proposed analysis meth-
ods mainly include the methods of data preprocessing, heart
and respiration rates detection, snoring recognition, and sleep
stages classification, and the detailed description is as follows.

A. Data Preprocessing Method

In this article, the x-axis acceleration signal is adopted for
vital signs analysis, and the original acceleration signal (ACC)
is depicted in the first subgraph of Fig. 6. It demonstrates that
the noise is a little big, and the respiration signal is far larger
than the heart rate signal. In order to advance the detection
accuracy, envelope and details extractions are very important.
Envelope signal containing respiratory information is a low-
frequency signal, while details signal containing heart rate
information is relatively a high-frequency signal. Given that
low-pass filter (LPF) can be applied to distinguish the envelope
signal from details signal, this article adopts a second-order
LPF to conduct the extractions because it is simple and easy
to implement. The transfer function of the LPF is described as

Y[s]

X[s]
= ω2

0

s2 + 2ξ0ω0s + ω2
0

(1)

where complex frequency s is equal to jω, and ω stands for the
angular frequency. ω0 and ξ0 are the cut-off angular frequency
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Fig. 6. Envelope and details signals are extracted from the original signal.

Fig. 7. Bode diagram of a second-order low pass filter.

and damping ratio of a second-order LPF. Y and X are the
output signal and input signal, respectively. Here, the cut-off
frequency is set to be 2 Hz, and ξ0 is set to be 0.707. Thus, the
bode diagram of the LPF is illustrated in Fig. 7. After bilinear
transformation with (2), the transfer function in the discrete
frequency domain (z domain) can be derived as (3)

s = 2fs(z − 1)

z + 1
(2)

Y[z]

X[z]
= ω2

0(1 + 2z−1 + z−2)
(
4f 2

s + 4ξ0ω0fs + ω2
0

) + 2
(
ω2

0 − 4f 2
s

)
z−1 + (

4f 2
s − 4ξ0ω0fs + ω2

0

)
z−2

(3)

where fs represents the sampling rate, which is set to be 125 Hz
in this article. Based on (3), the LPF is easy to implement in
the MCU. Therefore, the envelope signal is extracted after
LPF processing, and the details signal is accordingly obtained
by subtracting the envelope signal from the original signal, as
depicted in Fig. 6.

Fig. 8. FFT spectrum of the envelope signal.

B. Heart and Respiration Rates Detection Method

Once there is someone or something pressing on the belt, the
corresponding acceleration signal is acquired, and the envelope
signal and details signal are accordingly obtained. Then, the
heart and respiration rates can be calculated after fast Fourier
transform (FFT) processing. Before that, these signals should
be processed by a Hanning window function, whose formula is

W[i] =
[

1 − cos

(
2π i

L

)]
/2, 1 ≤ i ≤ L (4)

where L is the length of the window. Compared with the rect-
angular window function, the Hanning window can weaken
the side-lobe size and spectrum leakage. After processing
with the Hanning window function, FFT spectrum analysis
is conducted, and the formula is as follows:

Y[k] =
N∑

i=1

y[i]e−j2πki/N, 1 ≤ k ≤ N (5)

where N is the length of the input vector. Here, it is set to
be 4096. Thus, the valid amount of data of each frame after
FFT processing is 2048. The FFT spectrums of the envelope
signal and details signal are shown in Figs. 8 and 9, respec-
tively. Considering that the heartbeat frequency is generally
between 0.07 and 0.7 Hz, and the breathing frequency is
generally between 0.7 and 2.0 Hz, hence, the frequency cor-
responding to the peak of amplitude response of the envelope
signal between 0.07 and 0.7 Hz is taken as the breathing
frequency (fpr), as shown in Fig. 8. Likewise, the frequency
corresponding to the peak of amplitude response of the details
signal between 0.7 and 2 Hz is taken as the heartbeat frequency
(fph), as shown in Fig. 9. Heart rate (HR) and respiration rate
(RR) stand for the times of occurrence in a minute, and the
units are beats per minute and breaths per minute, respec-
tively, both abbreviated as bpm. Take Figs. 8 and 9 as example,
the heart rate and respiration rate are calculated to be 60 and
20 bpm, respectively, which are pretty normal.

By comparison, it can be seen that the breathing peak in
Fig. 8 is much larger than the heartbeat peak, while the two
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Fig. 9. FFT spectrum of the details signal.

Fig. 10. Someone may lie on the position of Part 1 or Part 2, and the
accelerometer may be fixed on the upper or lower surface of the belt.

TABLE I
TEST RESULTS OF RESPIRATION RATE AND PEAK IN DIFFERENT CASES

peaks in Fig. 9 are close, indicating that envelope or details
extraction can effectively enhance the signal intensity of the
frequency band of interest, thereby improving the detection
accuracies of heart rate and respiration rate. It must be noted
that lying on different positions of the monitoring belt will
lead to different signal intensities, and the signal intensities
are also different when the accelerometer is fixed on the upper
surface or the lower surface of the monitoring belt. For exam-
ple, someone may lie on the position of Part 1 (the middle of
the belt) or Part 2 (the edge of the belt), and the accelerometer
may be fixed on the upper surface or the lower surface of the
belt, as shown in Fig. 10. In different cases, HR and RR, as
well as the heartbeat peak (PHR) and breathing peak (PRR), are
measured for the same person, as depicted in Tables I and II,
respectively.

The experimental results demonstrate that the heartbeat
peaks and breathing peaks of the case when the accelerometer
is fixed on the upper surface of the belt are a little larger than
those of the case when the accelerometer is fixed on the lower
surface of the belt. Therefore, the accelerometer is finally fixed

TABLE II
TEST RESULTS OF HEART RATE AND PEAK IN DIFFERENT CASES

on the upper surface of the belt in this article. In addition,
the heartbeat peaks and breathing peaks of Part 1 are about
an order of magnitude larger than those of Part 2. However,
owing to adopting FFT analysis, the changes of signal intensity
induced by the mentioned cases hardly affect the test results
of heart rate and respiration rate since the differences are less
than 1 bpm.

In order to avoid misjudgment, if PHR and PRR are less
than the preset thresholds (PHR0) and (PRR0), respectively, it
is judged that there are no meaningful vital signs (i.e., the
heart rate and respiration rate). Given that the signal intensity
of Part 2 is less than that of other part, thus the signal of
Part 2 will be applied to confirm the thresholds. The setting
rule of PHR0 and PRR0 is as follows. First, enter the calibration
mode through the smartphone APP settings, and then the user
lies awake on the Part 2 of the monitoring belt and breathes
naturally for about 2 min. After the heartbeat and breathing
ease, calculate the heartbeat peak and breathing peak in the
frequency bands of 0.07–0.7 Hz and 0.7–2.0 Hz, respectively.
Then, half of these two values are used as the preset thresh-
olds (PHR0 and PRR0) recorded to the flash memory. Finally,
the APP exits calibration mode and returns to normal mode.
Hence, the equations of HR and RR can be described as

HR =
{

60 × fph, PHR ≥ PHR0
0, PHR < PHR0

(6)

RR =
{

60 × fpr, PRR ≥ PRR0
0, PRR < PRR0.

(7)

C. Snoring Recognition Method

In order to better evaluate the sleep quality, the detection of
snore event is necessary. Thereby, snoring recognition based
on the envelope signal is of great significance. Obviously,
for the same person, the respiration rate of the snoring sig-
nal is less than that of nonsnoring signal since apnea will
occur when snoring. Furthermore, the peak-to-peak value of
the respiratory wave of the snoring signal is larger than that
of nonsnoring signal because the breathing force increases
intermittently once snoring. The time-domain original signals
and FFT spectrums of snoring and nonsnoring are depicted in
Figs. 11 and 12, respectively. The test results indicate that the
respiration rate of snoring signal is indeed less than that of the
nonsnoring signal, while the breathing peak of snoring signal
is larger than that of nonsnoring signal, which accords with
the analysis above.

Therefore, snoring recognition can be achieved based on
this principle, that is, if the respiration rate (RR) is less than
the preset threshold (RR1) and the breathing peak (PRR) in
the FFT spectrum is larger than the preset threshold (PRR1),
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Fig. 11. Time-domain original signals of snoring and nonsnoring.

Fig. 12. FFT spectrums of the envelope signals of the snoring and nonsnoring
signals.

it is judged that there are snore events in the acquired sig-
nal, otherwise, there are no snore events. The respiration rates
of four persons in the snoring and nonsnoring stages are mea-
sured by the monitoring belt within 3 min, as shown in Fig. 13.
Meanwhile, the corresponding breathing peaks of four persons
in the snoring and nonsnoring stages are shown in Fig. 14. The
fluctuations and averages of breathing peak vectors of snor-
ing signals are both larger than those of nonsnoring signals; it
means the standard deviations and averages of breathing peak
vectors in a short period (such as 3 min) can be regarded
as the features for snoring recognition. In short, Figs. 13
and 14 indicate that the experimental results accord with the
analysis above.

Even though the signal intensities of different positions of
the belt are different, it does not affect the detection accuracy
of RR; however, the change of PRR induced by the change of
sleep position maybe affect the results of snoring recognition.
Considering that snoring and the change of sleep position both
affect PRR, so it is impossible to judge whether snoring exists
only by the change of PRR. Therefore, the effect of sleeping
position on the belt should be eliminated for advancing the
accuracy of snoring recognition. Fortunately, the fluctuations

Fig. 13. Respiration rates of four persons in the snoring and nonsnoring
stages.

Fig. 14. Breathing peaks of four persons with and without snoring.

and averages of breathing peak vectors are both related to
sleep position, and the enhancement or attenuation brought by
sleep position is basically the same for both. Therefore, the
influence of sleep position can be removed by dividing the
standard deviation of breathing peak vector in a short period
(such as 3 min) by the corresponding average, that is, the
quotient (Q) is taken as the feature of the signal. To sum up,
Q combined with RR within 3 min can be used for snoring
recognition.

D. Sleep Stages Classification Method

Sleep stages are mainly includes four stages, namely, awake,
light sleep, deep sleep, and REM, which are associated with
the changes of heart rate and body movement. As mentioned
above, the in-and-out-of-bed state of a user can be recognized
based on the respiration rate and the output (PP) of the pressure
sensor array. All the pressure sensor units are connected in
parallel, that is, as long as the button of any pressure sensor
unit is pressed, the switch is on, and PP is high level (i.e., 1),
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Fig. 15. Classification and predicted method of four sleep stages.

otherwise, PP is low level (i.e., 0). In order to eliminate the
influence of foreign objects, respiration rate is combined to
judge whether there is a person or a heavy object pressing on
the flexible belt. Therefore, the expression of sleep status can
be derived as

status =
{

in bed, PP = 1 and RR > 0
out of bed, PP = 0 or RR = 0.

(8)

Once someone is detected lying on the monitoring belt, the
judgment of sleep stages will start. If the acceleration (ACC)
measured by the MEMS accelerometer is larger than the preset
threshold (ACC0), then it is judged that there are some body
movements, vice versa. The standard deviation of heart rates in
the last 20 s is recorded as StdHR, and the corresponding preset
threshold is StdHR0. In this article, ACC0 and StdHR0 are set
0.3 m/s2 and 5.4 bpm, respectively. Hence, the classification
and predicted method of four sleep stages can be illustrated
in Fig. 15. The detailed description of the sleep stage (SS) is
as follows.

1) Awake Stage: As soon as someone lies on the belt, SS
is set to be awake stage immediately. If there is no
body movement within 13 min, SS is set to be light
sleep stage.

2) Light Sleep Stage: If there is no body movement within
8 min and StdHR > StdHR0, SS is set to be REM
stage. If there is no body movement within 8 min and
StdHR ≤ StdHR0, SS is set to be the deep sleep stage. If
body movement happens over three times within 1 min,
SS is set to be awake stage.

3) Deep Sleep Stage: If StdHR > StdHR0, SS is set to
be REM stage. Else, if body movement happens over
three times within 1 min, SS is set to be awake stage,
otherwise, SS is set to be light sleep stage.

4) REM Stage: If body movement happens over three times
within 1 min, SS is set to be awake stage, otherwise, SS
is set to be light sleep stage.

5) Out of Bed: Whatever SS is, if PP = 0 or RR = 0, SS
will be set to be void, and sleep status is out of bed.

Hence, sleep stages can be predicted and classified accord-
ing to these rules, and the analysis results will be compared
with those detected by PSG.

IV. EXPERIMENTAL RESULTS

A series of sleep experiments is performed based on the
experimental platform for the smart flexible belt, as shown
in Fig. 4. Since the smart belt is an IoT product, the test
results can be also obtained by the APP in a smartphone.
The detection accuracies of heart rate, respiration rate, snor-
ing event, and sleep stages are so important that three types
of experiments are performed in this section.

Before starting the experiments, the flexible belt is placed
on the mattress, and a thin bedsheet or mat can be placed on
the top of the belt and mattress. Then, the tested person lies on
the top of the bed, and the flexible belt is underneath the chest.
For comparison, PSG is applied for the synchronous tests.

A. Heart and Respiration Rates Detection

In order to evaluate the accuracies of vital signs measured
by the sleep monitoring belt, the results measured by PSG are
used as the golden standards. Therefore, the relevant parame-
ters of the tested person are acquired by the sleep monitoring
belt and PSG at the same time. The data of 1 h are acquired for
the analysis, and the heart rate and respiration rate are com-
puted every minute. Afterward, statistical analysis is adopted
to evaluate the detection accuracies.

The curves of heart rate and respiration rate measured by
the sleep monitoring belt and PSG within 1 h are shown in
Figs. 16 and 17, respectively. It figures out that the standard
deviation of the differences between the two heart rate curves
is 1.5 bpm, while the maximum difference is 3 bpm. In addi-
tion, the standard deviation of the differences between the
two respiration rate curves is 0.7 bpm, while the maximum
difference is 1 bpm. Thus, the accuracies of vital signs mea-
sured by the sleep monitoring belt are good, which benefits the
following snoring recognition and sleep stages classification.
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Fig. 16. Curves of heart rate are measured by the sleep monitoring belt and
PSG within 1 h.

Fig. 17. Curves of respiration rate are measured by the sleep monitoring
belt and PSG within 1 h.

B. Snoring Recognition

As mentioned above, a pair of Q and RR can be obtained
every 3 min, so 18 pairs of data can be obtained in 54 min,
which are depicted in Fig. 18. It indicates that the distributions
of the snoring and nonsnoring data are obviously different.
Taking the dashed green line (whose formula is y = −3x +
15.99) as the boundary, the data points above the green line are
judged as the nonsnoring cluster, while the data points below
the green line are judged as the snoring cluster. Therefore, the
clustering rule is as follows:

cluster =
{

non-snoring, 3Q + RR − 15.99 ≥ 0
snoring, 3Q + RR − 15.99 < 0.

(9)

It can be seen that the nonsnoring events are correctly iden-
tified, but one of the snoring events is misjudged. Define
that true positive (TP) is the number of correctly detected
abnormal epochs (i.e., snore), true negative (TN) is the num-
ber of correctly detected normal epochs (i.e., nonsnore), false
positive (FP) is the number of incorrectly detected abnormal

Fig. 18. Snoring recognition and clustering based on RR and Q.

epochs (i.e., snore), and false negative (FN) is the number of
incorrectly detected normal epochs (i.e., nonsnore). Thus, the
recognition sensitivity (Se), specificity (Sp), accuracy (Ac),
and error (Er) can be defined as follows:

Se = TP/(TP + FN)

Sp = TN/(TN + FP)

Ac = (TP + TN)/(TP + TN + FP + FN)

Er = (FP + FN)/(TP + TN + FP + FN). (10)

Therefore, Se, Sp, Ac, and Er are calculated to be 100%,
94.7%, 97.2%, and 2.78%, respectively. In short, the accu-
racy of the proposed snoring recognition method is very high.
In fact, the boundary equation can be automatically calibrated
periodically, because Q and RR are easy to obtain when awake.
There is at least one awake stage during every sleep, so after
multiple data acquisitions, the nonsnoring data of awake stages
can be applied to adjust the boundary equation automatically,
so as to improve the accuracy of snoring recognition.

C. Sleep Stages Classification

Similarly, in order to evaluate the accuracies of sleep stages
measured by the sleep monitoring belt, the results measured
by PSG are used as the golden standards. There are six stages
classified by PSG, namely, awake stage, REM stage, S1 stage,
S2 stage, S3 stage, and S4 stage. In general, S1 stage and
S2 stage are combined as light sleep stage, while S3 stage
and S4 stage are combined as deep sleep stage. Thus, there are
four stages in total, namely, awake, REM, light sleep and deep
sleep stages. Furthermore, if REM stage, S1 stage, S2 stage,
S3 stage, and S4 stage are combined as asleep stage, then there
are only two stages in total, namely, awake and asleep stages.
Therefore, the two devices are adopted for the sleep tests of the
tested person simultaneously, then the performances of 2-stage
analysis and 4-stage analysis are evaluated.

The sleep stages predicted by the proposed sleep moni-
toring belt and detected by PSG within 9 h are illustrated
in Fig. 19. The predicted stages and PSG stages are dyed
red and blue, respectively. It can be seen that the results of

Authorized licensed use limited to: Guangdong Univ of Tech. Downloaded on January 28,2026 at 07:32:38 UTC from IEEE Xplore.  Restrictions apply. 



14134 IEEE INTERNET OF THINGS JOURNAL, VOL. 9, NO. 15, 1 AUGUST 2022

Fig. 19. Analysis results of sleep stages are predicted by the proposed sleep
monitoring belt and detected by PSG within 9 h.

Fig. 20. Performance of the sleep monitoring belt with 2-stage analysis.

sleep stages analysis obtained by the two sleep monitoring
methods are basically the same, and most of the areas are over-
lapped. Based on Fig. 19 and the similar definition of (10),
the performance of the sleep monitoring belt with 2-stage (i.e.,
awake and asleep stages) analysis is illustrated in Fig. 20. It
figures out that the sensitivities of awake and asleep stages
are 90.2% and 100%, respectively. Thus, the corresponding
accuracy of sleep stages prediction with 2-stage analysis can
be calculated, which is as high as 95.1%.

In addition, the performance of the sleep monitoring
belt with 4-stage (i.e., awake, REM, light sleep, and deep
sleep stages) analysis is illustrated in Fig. 21. It indicates
that the sensitivities of awake, REM, light sleep, and deep
sleep stages are 90.2%, 77.1%, 78.1%, and 73.5%, respec-
tively. Similarly, the corresponding accuracy of sleep stages
prediction with 4-stage analysis can be calculated, which
decreases to 79.7%. Although this result is still acceptable, it
is not high enough. Compared with the performances reported
by Hassan et al. [46]–[55], as listed in Table III, the accura-
cies of 2-stage analysis and 4-stage analysis in this article are
a little worse. After all, the proposed classification method
of sleep stages is based on body movement, heart rate, and

Fig. 21. Performance of the sleep monitoring belt with 4-stage analysis.

TABLE III
PERFORMANCE COMPARISON OF VARIOUS STATE-OF-THE-ART METHODS

respiration rate measured by the belt, instead of the signals
of EEG or PSG, so the analysis deviations are inevitable.
Certainly, the performances should be improved by optimizing
the classification method in the future.

V. CONCLUSION

In this article, a novel smart flexible sleep monitoring
belt with MEMS triaxial accelerometer and pressure sen-
sor is developed to detect vital signs, snore events, and
sleep stages. Besides, the related algorithms and methods for
data preprocessing, heart and respiration rates detection, snor-
ing recognition, and sleep stages classification are proposed
detailedly. The experimental results demonstrate that the detec-
tion accuracies of heart rate and respiration rate of the belt are
about 1.5 and 0.7 bpm, respectively. The accuracy of 97.2%
is achieved by the proposed snoring recognition method. In
addition, as for 2-stage analysis, the accuracy of sleep stages
prediction is as high as 95.1%. However, as for 4-stage analy-
sis, the accuracy of sleep stages prediction decreases to 79.7%.
To sum up, the test results indicate that vital signs detection,
snoring recognition, and sleep stages classification based on
the sleep monitoring belt are feasible and effective.

Owing to the merits of high performance, low cost, and
unobtrusiveness, this smart flexible belt can be widely used for
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sleep monitoring at home, and it is very useful for the insom-
niacs and somebody with OSA. Besides, it can be applied
to measure the vital signs of the elderly, and judge whether
they are healthy and alive. However, it should be noted that
the sleep detection results of the flexible belt can be only
used for auxiliary diagnosis, rather than direct medical diag-
nosis, since it is not a medical device now. Given that the
snoring severity and sleep quality vary from person to person,
the proposed methods for snoring recognition and sleep stages
classification need to be verified and improved repeatedly with
a variety of cases of different people. Especially, the accuracy
of sleep stages prediction with 4-stage analysis should be fur-
ther improved by optimizing the classification method based
on more parameters. These will be our future work.
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