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A Novel Snore Detection and Suppression
Method for a Flexible Patch With MEMS

Microphone and Accelerometer
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Abstract—Sleep apnea impacts more and more people all over
the world, and obstructive sleep apnea of which is the most
frequent. Hence, research on snoring detection and related sup-
pression methods is extremely urgent. In this article, a novel
low-cost flexible patch with MEMS microphone and accelerom-
eter is developed to detect snore event and sleeping posture,
and a small vibration motor embedded in the patch is designed
to suppress snoring. Theoretical analyses of short-time energy,
piecewise average filtering (PAF), and Mel-frequency cepstral
coefficients (MFCCs) processing are described in detail, and
the improved MFCCs are put forward and used as the input
of the convolutional neural network (CNN). Furthermore, the
snore recognition method based on the combination of similarity
analysis and CNN analysis is presented, followed by the snor-
ing suppression method. Experimental results demonstrate that
the main features of the sound signals can be extracted effec-
tively by PAF and MFCCs processing, and the data compression
ratio is about 99.41%. Besides, the locations of the eigenvectors
can be found accurately based on short-time energy analysis.
The numbers of high similarity of snoring signals within 30 s
are larger than 3, while those of non-snoring signals are often
less than 3. If the preliminary screening with similarity analy-
sis is passed, CNN analysis will be conducted to judge whether
there are snoring events. The accuracy of snore recognition with
CNN analysis is calculated to be as high as 99.25%. Finally, the
average snoring time measured by the smart patch with snor-
ing suppression is reduced to 15 from 135 min, which indicates
that the proposed snore recognition and suppression methods are
effective.

Index Terms—Artificial intelligence, flexible patch, MEMS
microphone and accelerometer, sleep apnea, snore detection and
suppression.
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I. INTRODUCTION

SLEEP apnea impacts about one billion people all around
the world, if untreated in time, the risks of stroke and

cardiovascular mortality will be increased by more than
twice [1], [2]. The symptoms of sleep apnea are snoring,
fatigue, and so on, while the main types of sleep apnea are
obstructive sleep apnea (OSA), central sleep apnea, and com-
plex sleep apnea. Among these OSA is the most frequent and
can be treated or suppressed by correct sleeping posture [3].
OSA is one of the most common sleep disorders and is char-
acterized by the frequent partial or complete collapse of the
upper airway during sleep. Identifying the severity of airway
obstruction is of great importance for successful treatment.
The apnea hypopnea index (AHI), defined as the total num-
ber of full and partial upper airway obstructions per hour,
is widely used to diagnose and characterize the severity of
OSA. Patients are categorized according to their AHI values
as follows: normal (AHI < 5); mild (5 ≤ AHI < 15); moder-
ate (15 ≤ AHI < 30); and severe (AHI ≥ 30). Snoring may
be episodic, positional, continuous, or alternating, whereas in
OSA syndrome, the snoring events only occur between suc-
cessive respiratory obstructive events [4]. In mild snoring, the
episodic pattern is the most frequent, whereas in moderate and
severe snoring, the continuous snoring pattern occurs in most
cases. Therefore, the techniques for accurate snoring detection
and relevant treatment are very urgent, and related research has
been paid more and more attentions.

In terms of the snore detection system, a variety of moni-
toring devices have been proposed in recent years. The Gold
Standard for sleep-disordered breathing (SDB) diagnostics is
done by using polysomnography (PSG). However, it is uncom-
fortable to wear a serial of sampling electrodes. Besides,
it is time consuming and very expensive [5], which makes
it not suitable for OSA screening at home. The American
Association of Sleep Medicine (AASM) recommends three
methods to detect snoring events: 1) a piezoelectric sensor
placed on the neck; 2) an acoustic sensor, such as micro-
phone on the trachea, chest, or near the patient’s bed; and
3) nasal prongs connected to the nasal pressure sensor [6].
The piezoelectric sensor or stretchable strain sensor placed
on the neck is uncomfortable to use, and the movement or
sweat may affect the detection accuracy [7], [8]. Similarly, the
nasal pressure sensor is also uncomfortable to use, especially
for sleeping detection. Pressure monitoring-based mattress
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type sensors, such as the electromechanical film transducer,
static-charge-sensitive bed, polyvinylidene fluoride film, and
balancing tube air-mattress, can be used for SDB diagno-
sis [9], [10], [11], [12], whereas the accuracy is not high
enough. The RR intervals of the electrocardiography (ECG)
or photoplethysmography (PPG) signals of smart watches can
be utilized to detect the snore event [13], [14], [15], but the
detection accuracy may be affected by the cardiovascular
disease.

Recently, noncontact OSA detection methods are prevalent.
Ultra wideband (UWB) and radar wave techniques have been
applied to noncontact OSA screening [16], [17]. Nevertheless,
the hardware cost is high, and the recognition precision
is apt to be affected by the surroundings. Microphone-
based sound analysis is another noncontact OSA screening
method. Microphone is widely utilized to monitor the snor-
ing events [18], [19], [20], [21], since it is small and cheap
to be integrated into smartphone, pillow, or medical device.
According to the feedback of microphone’s signal analysis,
the height of a smart pillow is adjusted automatically or
a vibration motor is turned on so that the sleeper is woken
up [22], [23]. However, the control system of the smart pillow
is very complex and high cost, in addition, it is uncomfortable
and nonportable for some users. Microphone in a smart-
phone can be used to monitor snoring, breathing, and other
sounds [24], [25], and the snore event can be recognized since
the acoustic spectrum of snore is different from those of other
sounds. However, smartphone cannot intervene in the snoring
therapy. Hence, microphone sensor can be adopted, but the
detection system should be improved since comfortability and
feedback control are very important.

Except for the snore detection system, the recognition meth-
ods are also very important. Nonspeech sounds, such as
coughs, snores, crackles, wheezes, and asthmas, are associ-
ated with different respiratory diseases [26], [27], [28]. For
instance, snores are related to sleep disorders, and coughs
may be related to Coronavirus Disease-2019 (Covid-19)
[29], [30], [31]. Therefore, in order to distinguish the snores
from other sounds, pattern recognition is essential. Diverse
recognition methods have been presented these years, among
them, machine learning methods are prevalent. Either for
image processing [32], [33] or for sound processing [34], [35],
there are mainly two steps for machine learning, namely, fea-
ture extraction and modeling. For feature extraction, many
methods have been proposed these years, such as princi-
pal component analysis (PCA), zero crossing rate, energy,
entropy of energy, spectral centroid, spectral spread, spec-
tral entropy, spectral flux [35], [36], Mel-frequency cepstral
coefficients (MFCCs) [37], [38], [39], empirical mode decom-
position, discrete wavelet transform [40], de-noising autoen-
coder technique, Gamma-tone frequency cepstral coefficients,
and improved MFCCs [41], [42]. Among them, MFCCs are
proved to be the most effective and widely used as the eigen-
vector, and some improvements about MFCCs are gradually
presented.

For modeling, a variety of methods have been presented
these years, such as support vector machine [43], ran-
dom forest [44], attention BiLSTM network [45], recurrent

neural network (RNN) [46], ResNet, ResNet-18, Resnet-50,
long short-term memory (LSTM), multibranch deep learning
network, and ensemble deep learning network [47]. Besides,
some combination models have been proposed as well, such as
convolutional neural network (CNN) followed by RNN [48],
and deep neural network (DNN) combined with LSTM [49].
All these AI-based methods mentioned above have achieved
a detection accuracy of about 95%, however, the imple-
mentation of these algorithms is very complicated and high
cost. These methods can be hardly realized in the local
microprogrammed control unit (MCU), which restricts the
real-time application of snore detection at home. Even if
these algorithms can be implemented in the cloud servers,
remote data transmission and processing are very time con-
suming, high cost, and unreliable. Therefore, edge com-
puting is inevitable for Internet of Things (IoT) products.
Although some lightweight convolutional networks have been
proposed [50], [51], [52], the architectures are still complex.
FPGA device can be used to accomplish the AI (such as CNN-
LSTM) processor, but the cost and power consumption are
very high, so it is not suitable for wearable devices [53]. On
the other hand, except for machine learning, similarity anal-
ysis can be also applied to the sound analysis. It is simple
to realize, but the recognition accuracy is not high [54], [55].
Thereby, considering the cost and IoT edge computing, the
combination of machine learning and similarity analysis may
be better.

In our previous work, a novel smart flexible sleep mon-
itoring belt with MEMS triaxial accelerometer and pressure
sensor has been developed to detect vital signs, snore events,
and sleep stages [56]. Although the snore events can be rec-
ognized, they cannot be suppressed in time. Hence, aiming
at the analysis above, this article will propose a novel low-
cost flexible patch with MEMS microphone and accelerometer
to detect the snore event and sleeping posture, followed by
snoring suppression by a small vibration motor. Meanwhile,
statistics analysis and MFCCs will be applied for feature
extraction, besides, machine learning and similarity analysis
will be combined together to reduce the system’s complexity
of edge computing.

II. SYSTEM DESIGN FOR FLEXIBLE PATCH

A smart flexible patch with a test circuit is shown in Fig. 1.
It is mainly composed of an ordinary flexible fabric patch
and a core circuit. The core circuit is packaged by a plastic
box embedded in the patch. The block diagram of the core
circuit system is depicted in Fig. 2, which mainly includes
three subsystems, namely, power supply subsystem, processor
subsystem, and sensor and actuator subsystem.

1) Power Supply Subsystem: Polymer lithium battery,
DC/DC converter, and low-dropout regulator (LDO) are
utilized to generate the appropriate supply voltages to
the other subsystems.

2) Processor Subsystem: STM32F767 ARM is chosen as
the core microprogrammed control unit (MCU), which
has enough resources to achieve the snore recognition
and feedback control algorithms. The USB interface
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Fig. 1. Smart flexible patch with a test circuit.

Fig. 2. Block diagram of the core circuit system for a smart flexible patch.

is utilized to connect with personal computer (PC),
while the reserved Bluetooth (BLE) module is used to
communicate with a smartphone for IoT application.

3) Sensor and Actuator Subsystem: The miniature and low-
power MEMS microphone SPH0645LM4H is applied to
detect the snore or ambient sound. Micropower three-
axis MEMS accelerometer ADXL362 is adopted to
acquire the movement and acceleration of the head.
Thereby, the direction of the head and sleeping posture
(such as supine or latericumbent) can be recognized and
estimated. The small vibration motor is used to exert
a little force to the head for suppressing snoring.

The flexible patch worn on the head is light and low cost. It
can not only shut out the light but also detect the snore event
and suppress snoring. Hence, based on this patch, a series
of experiments can be conducted, as shown in Fig. 3, and
the corresponding data are acquired for further processing and
algorithms validation.

III. SNORE DETECTION AND SUPPRESSION METHODS

Different sounds of varied scenarios can be acquired by the
smart flexible patch, as shown in Fig. 4. It illustrates that there
are great differences among the time-domain signals of snore,
music, talk, and footsteps. As for snore, it has strong regularity.
The duration of each snore sound is generally between 0.5 and
4 s, and the similarities between two adjacent snore signals are

Fig. 3. Flexible patch is worn on the head for sleep aid and suppressing
snoring.

Fig. 4. Different sound signals acquired by the smart flexible patch.

relatively high. The characteristics of snore are so special that
it ought to be possible to distinguish it from other sounds by
further data processing and feature analysis. In this section, the
snore recognition algorithm is put forward in detail, followed
by a snoring suppression method.

A. Flowchart of Snore Recognition Algorithm

The flowchart of the snore recognition algorithm is depicted
in Fig. 5, and the description is as follows.

1) Data Acquisition and Preprocessing: Before data pro-
cessing for snore recognition, continuous data acqui-
sition should be conducted first, and the sampling
frequency is set to be 24 kHz. A large buffer in the
MCU is created to save the collected sound data, and
then online snore recognition analysis is performed
every 30 s. In order to enhance the recognition accu-
racy, data preprocessing is essential, which includes
pre-emphasis and framing.

2) Time–Frequency Analysis and Processing: First, calcu-
late the short-time energy of each frame, and confirm
the boundaries of every voice activity based on the

Authorized licensed use limited to: Guangdong Univ of Tech. Downloaded on January 28,2026 at 07:35:52 UTC from IEEE Xplore.  Restrictions apply. 



25794 IEEE INTERNET OF THINGS JOURNAL, VOL. 9, NO. 24, 15 DECEMBER 2022

Fig. 5. Flowchart of the snore recognition algorithm.

energy threshold. Then, the location of the feature vec-
tor of every sound envelope can be found. Meanwhile,
fast Fourier transform (FFT) processing of each frame
is done. Considering that the amount of data is large,
dimension reduction processing of the FFT data is per-
formed. Here, PAF and MFCCs processing are adopted.
Hence, combining with the location of the feature vector
found in the time-domain processing, the frequency-
domain eigenvectors of PAF and MFCCs processing are
obtained.

3) Similarity and CNN Analyses: Based on the multiple
frequency-domain eigenvectors of PAF processing
within 30 s, the similarities between two adjacent eigen-
vectors can be computed. If the similarities are high
enough, then CNN analysis will be further conducted
to judge whether there are snore events or not, and the
frequency-domain eigenvectors of PAF and MFCCs pro-
cessing are used as the input of the CNN; otherwise, it
is judged to have no snore event within 30 s, and the
snore recognition is over.

B. Data Acquisition and Preprocessing

1) Data Acquisition: The output of MEMS microphone is
acquired by ARM MCU with the I2S protocol. Considering
that the frequency of human being’s voice is often less than
12 kHz, thereby the sampling frequency is set to be 24 kHz,
and the direct memory access (DMA) continuous sampling
mode is adopted. The acquisition data within 30 s are stored
in the flash, and a large buffer in the MCU is created to save the
collected sound data. The principle of data storage is first-in–
first-out (FIFO), which enables the sliding-window processing.
Therefore, the data of the buffer is updated per about 0.042 ms
by FIFO processing, and the data size of the buffer is always
720k. Based on these collected data, the snore recognition can
be performed every 30 s or less. In this article, the processing
duration is set to be 30 s to save the computing resource.

Fig. 6. Bode diagram of the pre-emphasis filter.

2) Data Preprocessing: In order to eliminate the effect
caused by vocal cords and lips in the process of voice pro-
duction, the high-frequency part of sound signal suppressed
by the pronunciation system should be compensated. Thus,
a first-order high-pass filter (HPF), i.e., pre-emphasis filter,
is applied to enhance the high-frequency part and attenuate
the low-frequency part at the same time. The time-domain
formula of the HPF is as follows:{

y[i] = x[i], i = 1
y[i] = x[i] − kp × x[i − 1], 1 < i

(1)

where i stands for the ith moment, x is the input signal, and y
is the output signal. kp is the filter factor, determining the cut-
off frequency. Accordingly, its transfer function in the discrete
frequency domain (z domain) can be derived as

Y[z]

X[z]
= z − kp

z
. (2)

The equation of bilinear transformation between the discrete
domain and the continuous domain is as follows:

z = 2fs + s

2fs − s
(3)

where complex frequency s is equal to jω, and ω stands for
the angular frequency. fs represents the sampling rate. Thus,
the transfer function in the continuous frequency domain (s
domain) can be derived as

Y[s]

X[s]
= 2fs

(
1 − kp

) + (
1 + kp

)
s

2fs + s
. (4)

In this article, kp is set to be 0.85, and fs is set to be 24 kHz.
Then, the bode diagram of the HPF can be depicted in Fig. 6.
It demonstrates that the high-frequency part is amplified while
the low-frequency part is suppressed, which matches the goal.
Take the snoring signal as an example, the snoring signals with
and without HPF filter processing are described in Fig. 7. It
shows that the high-frequency part of the signal after filter is
indeed magnified.
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Fig. 7. Snoring signals before HPF filter and after HPF filter processing.

3) Framing Processing: After pre-emphasis processing,
framing processing of the sound signal should be performed
to reduce the computation complexity. Here, the size of the
data per frame (N) is set to be 2048, whose corresponding time
is 85.3 ms or so. Hence, there are about 352 frames within
30 s. After framing processing, time–frequency analysis and
processing can be conducted.

C. Time–Frequency Analysis and Processing

1) Short-Time Energy Analysis: As for the signal of every
frame, the total energy q can be yielded by calculating the
sum of squares of the elements in the sound amplitude vector,
as shown in

q =
N∑

i=1

y2[i]. (5)

Thus, there are 352 time-domain energies within 30 s, and
they will form an energy vector (Q). Each meaningful sound
will last for a period of time, that is, the larger sound energy
will appear in some consecutive frames. Therefore, in order
to better distinguish a single sound signal, it is necessary to
identify the positions of the energy envelope of a single sound
signal. Here, a base line is set as the threshold for envelope
positions recognition. The energy envelope of a single sound
will cross the baseline twice, which yields the indexes of the
starting and the ending frames of the sound envelope and
confirms the starting and the ending positions of the single
sound signal. Then, the duration (dT) of the sound envelope
can be calculated according to the two indexes. In this article,
the threshold is set dynamically according to the background
noise, and the setting approach is as follows.

There are 352 energy values in the energy vector (Q) within
30 s, if six values in succession are selected as a group, then
346 groups can be formed according to the sliding-window
principle. Then, the standard deviation and average of each
group, as well as their product, are calculated, as shown in (6).
Next, the minimum is picked out from the 346 products and
the corresponding group number is determined. Finally, the
average energy of this group is multiplied by 4 and set as the

threshold (THQ), as shown in (7), and then the base line is
accordingly confirmed

PD(i) = std(Q(i:i + 6)) × mean(Q(i:i + 6)), 1 ≤ i ≤ 346 (6)

THQ = min (PD) × 4 (7)

where std(), mean(), and min() stand for the functions of stan-
dard deviation, average, and minimum. PD is the product
vector. Given that the duration of snoring is generally larger
than 0.5 s and less than 4 s, if dT is not within this range or
the energy peak is tiny, it is judged that this sound envelope
is invalid and further processing is unnecessary. Thereby, all
the valid envelopes of the single sound signals are identified
by this way, that is, the boundaries of every voice activity
are clear.

There is often an energy peak located in the sound envelope,
whose corresponding frame signal will possess the highest
signal-to-noise ratio (SNR), and this frame signal can best
represent the feature of this single sound signal. Therefore,
based on the sound envelopes depicted above, the indexes cor-
responding to the energy peaks of all the valid sound envelopes
are obtained, which are the locations of the feature vectors of
the sound envelopes. These peak indexes make up a new vector
(IDP), whose size is cnt.

2) Eigenvectors of PAF Processing: Followed by the time-
domain processing, frequency-domain processing is also
adopted to obtain the eigenvectors. Before FFT processing, the
signal of each frame will be processed with a Hanning window
function. Compared with the rectangular window function, the
Hanning window can weaken the side-lobe size and spectrum
leakage after FFT processing. Here, the formula of Hanning
window function (W) is as follows:

W[i] =
[

1 − cos

(
2π i

L

)]
/2, 1 ≤ i ≤ L (8)

where L is the length of the window. After processing with
the Hanning window function, FFT spectrum analysis is con-
ducted for the signal of each frame. The formula of the FFT
algorithm is

Y[k] =
N∑

i=1

y[i]e−j2πki/N, 1 ≤ k ≤ N (9)

where N is the length of the input vector. Here, it is set to
be 2048. Thus, the valid amount of data of each frame after
FFT processing is 1024, which is still a little big. In order to
further reduce the amount, data compression processing should
be adopted. FFT spectrum consists of two parts: 1) spectral
envelope and 2) spectral details. Considering that the spectral
envelope, rather than the spectral details, carries the identifi-
cation attributes of sound, so it is very important to extract
the spectral envelope, which will be used to identify differ-
ent sounds and reduce data redundancy. PAF is an effective
method for envelope extraction and data compression, hence
it is adopted in this article. The specific operation method is
as follows.

The frequency range of the FFT amplitude–frequency curve
is 0–12 kHz, and it is divided into segments every 250 Hz,
then all the corresponding amplitudes of each segment are
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averaged. Finally, 48 average values can be obtained for each
frame, and they are the elements of the envelopes. These
48 average values will form a new envelope vector (FV), as
shown in (10), so that the data of each frame is compressed
by about 97.66%. Furthermore, if it is divided into segments
every 1000 Hz, likewise, 12 average values can be obtained
for each frame, and they will form another smaller envelope
vector (FV1), as shown in (11), so the data compression rate
is about 99.41%

FV(i) = mean(y(floor(21.33 × (i − 1) + 1) : floor(21.33 × i)))

1 ≤ i ≤ 48, 21.33 = 1024 × 250 ÷ 12000 (10)

FV1(i) = mean(y(floor(85.33 × (i − 1) + 1) : floor(85.33 × i)))

1 ≤ i ≤ 12, 85.33 = 1024 × 1000 ÷ 12000 (11)

where floor() is the function of downward rounding. The size
of the original FFT spectrum vector of each frame is 2048,
and 352 continuous spectrum vectors will form a spectrogram,
whose size is as big as 2048 * 352. However, after the dimen-
sion reduction with PAF processing, a simplified spectrogram
with the size of 48 * 352 or 12 * 352 can be obtained. Now
that IDP has been confirmed by the time-domain analysis, the
corresponding envelope vectors in the simplified spectrogram
with the size of 48 * 352 are adopted as the feature vectors
(ES), which will be used for the following similarity analy-
sis. Thus, the size of bivector ES is 48 * cnt. In addition, the
bivector of the spectrogram with the size of 12 * 352 is named
as BFV1, which will be used for the following CNN analysis.

3) Eigenvectors of MFCCs Processing: MFCCs process-
ing is another effective feature extraction method, especially
for sound recognition. The Mel filter bank is to simulate the
human ear’s nonlinear perception of sound. Human hearing is
selective to frequency and has different sensitivity to different
frequency signals. These filters are not uniformly distributed
on the frequency axis. There are more filters with higher reso-
lution in the low-frequency region, but fewer filters with lower
resolution in the high-frequency region. Here, the relationship
G(f ) between the frequency (f ) and Mel-frequency (fmel) is

fmel = G(f ) = 2595 × log10(1 + f /700). (12)

The Mel filter bank is composed of several Mel filters,
whose shape is triangular. The number (M) of Mel filters is
often set to be 22–40, in this article, M is set to be 40. The
frequency-amplitude response function Hm(fmel) is defined as

Hm(fmel) =

⎧⎪⎪⎪⎨
⎪⎪⎪⎩

0, fmel < Fm−1, 1 ≤ m ≤ M
fmel−Fm−1
Fm−Fm−1

, Fm−1 ≤ fmel ≤ Fm
Fm+1−fmel
Fm+1−Fm

, Fm ≤ fmel ≤ Fm+1

0, fmel > Fm+1

(13)

where [F0, F1, . . . , FM+1] is a linear Mel-frequency vector,
F0 equals 0 and FM+1 equals G(fs/2). According to (9), the
corresponding frequency f of the kth data is equal to k*fs/N.
Combined with (12), we can get

fmel = 2595 × log10

(
1 + fsk

700N

)
. (14)

Hence, Hm(k) can be easily obtained based on (13) and (14),
and the logarithm S[m] of the power-spectrum output filtered

by the mth Mel filter is derived as

S[m] = 20 log10

⎛
⎝N/2∑

k=1

|Y[k]|2
N

Hm(k)

⎞
⎠, 1 ≤ m ≤ M. (15)

In order to remove the coefficient correlation and separate
the envelope and details information of the FFT spectrum,
discrete cosine transform (DCT) is adopted, and the formula is
defined as

D[n] =
√

2

M

M∑
m=1

S[m] cos
πn(m − 0.5)

M
, 1 ≤ n ≤ M (16)

where D is the MFCCs vector. Considering that the key
information of the FFT spectral envelope is extracted to
the low-frequency coefficients, so the second to the 13th
coefficients of D are picked out to constitute the envelope
vector (FV2) of the frame. The size of FV2 is 12, achieving
a data compression rate of 99.41%. Hence, after the dimension
reduction with MFCCs processing, another simplified spec-
trogram with the size of 12 * 352 can be obtained, and the
corresponding bivector is named as BFV2.

4) Improved Eigenvectors for CNN Analysis: The duration
of each frame is about 85.3 ms, thereby, the time of 42 con-
tinuous frames is about 3.58 s, which is long enough to record
a single snore signal. Considering that the input data size of
the CNN should be not only constant, but as small as possible
to reduce the complexity of edge computing, hence, the input
data size of the CNN will be set to be 12 * 42.

In order to recognize a single snore signal accurately, a sim-
ple CNN can be adopted, and the data partitioning is very
essential. That is, the input data with the size of 12 * 42 should
be created first. As mentioned above, the starting index idl and
the ending index idr of a single sound signal can be confirmed
by the short-time energy analysis, hence, their average ida can
be calculated. Given that the eigenvectors of PAF and MFCCs
processing are both effective, then the improved eigenvector
(EV) for CNN analysis can be derived as

EV = ω1 × BFV1[1 : 12, ida − 21 : ida + 20]

+ ω2 × BFV2[1 : 12, ida − 21 : ida + 20] (17)

where ω1 and ω2 are the weight factors. Here,
(ida − 21) should be larger than 0 and (ida + 20) should
be less than 353; otherwise, the data beyond the boundary
will be filled with 0. Therefore, after the data partitioning
and fusion processing, a series of improved eigenvectors
are prepared, which will be used for further CNN analysis.
So far, all the eigenvectors have been obtained based on
the time–frequency analysis, which will be applied for the
following snore recognition.

D. Similarity and CNN Analyses

1) Similarity Analysis: In order to reduce the amount of
calculation for CNN analysis, similarity analysis will be per-
formed first. The similarities between two adjacent snore
signals will be larger than those between two adjacent non-
snoring signals. It means that if the similarities between two
adjacent eigenvectors in ES are all very low, then there is no
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Fig. 8. Lightweight structure of the proposed CNN.

need to conduct further analysis. Compared with CNN anal-
ysis, the computation of similarity analysis is simpler, so the
preliminary screening with similarity analysis is significant.
The formulas of cosine similarity are defined as follows:⎧⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎩

C= cos θ =
∑48

i=1 ES[i][j]ES[i][j+1]√∑48
i=1 ES2[i][j]

∑48
i=1 ES2[i][j+1]

, 1 ≤ j < cnt

R =
min

(√∑48
i=1 ES2[i][j],

√∑48
i=1 ES2[i][j+1]

)

max

(√∑48
i=1 ES2[i][j],

√∑48
i=1 ES2[i][j+1]

) , 1 ≤ j < cnt
(18)

where C and R stand for the direction similarity and amplitude
similarity between two adjacent eigenvectors, respectively. If
they meet the condition (19), the similarities between two
adjacent eigenvectors are high, vice versa

((RC > 0.63) && (C > 0.86))

or ((C > 0.9) && (R > 0.65)). (19)

The number of high similarity in a simplified spectrogram
with the size of 48 * 352 is recorded as ND, if it is not less
than 3, it is judged that snoring events may occur in this period
and further analysis is necessary; otherwise, there is no snoring
event in this period and the snore recognition is over.

2) CNN Analysis and Classification: If the similarities are
high enough, then CNN analysis will be further conducted to
judge whether there are snore events, and the improved eigen-
vector EV with the size of 12 * 42 will be used as the input
of the CNN. In order to advance the recognition accuracy and
implement the algorithm in the low-cost MCU, a lightweight
CNN structure is presented, which is shown in Fig. 8. It is
composed of an input layer, two convolution layers, two max-
pooling layers, two full-connection layers, a flatten layer, and
an output layer. Stride is set to be 1, and no padding process-
ing is adopted. The kernel size is set to be 3 * 3, while the
pool size is set to be 2 * 2. Based on Fig. 8, the shape of

TABLE I
SAMPLE SIZES OF THE THREE SETS FOR CNN PROCESSING

every layer can be confirmed. The shapes of the input layer,
the first convolution layer, and the first max-pooling layer are
42 * 12 * 1, 40 * 10 * 32, and 20 * 5 * 32, respectively.
The shapes of the second convolution layer, the second max-
pooling layer, and flatten layer are 18 * 3 * 64, 9 * 1 * 64, and
576, respectively. The shapes of the final two full-connection
layers are 128 and 3, respectively. That is, the improved eigen-
vector EV is the input, and the output will be divided into three
categories: 1) snore; 2) noise (other sounds); and 3) quiet.

Before classification, the CNN should be trained first.
Hence, the sound data sets of snore, noise, and quiet should be
applied to the CNN training and validation. As for data acqui-
sition of snore, five mild snorers, five moderate snorers, and
five severe snorers were recruited, respectively. In order to imi-
tate the real application scenario, their snores were acquired
by the proposed flexible patches depicted in Fig. 1 at home
and the experimental tests lasted for about a month. Afterward,
the collected data were processed by the methods mentioned
above to obtain the improved eigenvectors. Simultaneously,
these eigenvectors were labeled manually. Finally, the raw data
and data set of snore were formed and stored.

As for data acquisition of noise (other sounds), ten volun-
teers without snoring were recruited. Similarly, their sleeping
noises were acquired by the proposed flexible patches at home
and the tests also lasted for about a month. Besides, in order
to imitate the real application scenario, the noises of pets,
footsteps, talks, music, traffic, and others were also collected.
Likewise, all these data were processed to obtain the improved
eigenvectors, and they were also labeled manually. Finally, the
raw data and data set of noise were formed and stored.

As for data acquisition of quiet, the sounds of the quiet sur-
roundings were collected. Similarly, the raw data and data set
of quiet were formed and stored. Finally, the raw data and
three data sets are obtained. All these data are anonymized
and desensitized (i.e., the sensitive personal information is
deleted). The sample sizes of the three sets are shown in
Table I, and the sample ratio between the training set and
validation set is about 8 to 2. They will be used for a series
of experimental analyses.

The batch_size and maximum epoch are set to be 64 and 30,
respectively. The learning rate is set to be 1e-4, which remains
unchanged in the first ten training epochs and then decreases
gradually in the following epochs. The hyperparameters are
tuned by experiences to obtain a good training result.

In order to implement the CNN in the ARM MCU, the
model parameters need to be simplified. Here, based on
Tensorflow Quantization Tool (CubeMX AI), the float-type
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TABLE II
SIZES OF FLASH AND RAM REQUIRED BY THE MODEL WITH AND

WITHOUT QUANTIZATION

parameters in the model are quantized to int8-type to reduce
the memory consumption. The sizes of flash and Ram required
by the model with and without quantization are shown in
Table II. It figures out that after quantization, the resources are
greatly reduced. The required flash is decreased to 91.54 from
363.51 kB, while the required RAM is decreased to 12.61 from
16.98 kB. So, the CNN is simple and easy to be implemented
in the MCU.

Considering that there are three categories in the output
layer, ROC curve, and AUC will not be utilized to evaluate the
performances of the network. Instead, the recognition accuracy
(ACC) is adopted, which is defined as

ACC = TP + TN

TP + TN + FP + FN
(20)

where 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., noise and quiet),
false positive (FP) is the number of incorrectly detected abnor-
mal epochs (i.e., snore), and false negative (FN) is the number
of incorrectly detected normal epochs (i.e., noise and quiet).
ACC is a common evaluation index.

E. Snoring Suppression Method

When the body is still, the direction of the head and sleep-
ing posture (such as supine or latericumbent) can be estimated
by the components of gravitational acceleration measured by
a three-axis MEMS accelerometer. The sampling frequency of
the accelerometer is set to be 100 Hz, although it is different
from that of the microphone, their signals can be synchro-
nized through the timer interrupt handling of the MCU. If the
absolute value of the z-axis acceleration is larger than 0.5 g,
the sleeping posture is judged to be supine; otherwise, it is
latericumbent. Once snoring events are detected for several
times, vibration motor will exert a little force to the head for
suppressing snoring, and the anti-snore strategy is as follows.

1) If it is supine, the vibration amplitude is relatively large
and the duration is relatively long, since the collapse of
the upper airway with supine posture may be severe.

2) If it is latericumbent, the vibration amplitude is relatively
small and the duration is relatively short, because the
collapse of the upper airway with latericumbent posture
may be not severe.

3) Once there are some responses (e.g., large body
movement indicated by the accelerometer or stop snor-
ing) or the vibration time is long enough, the interference
will stop.

Fig. 9. FFT spectrums of one-frame snoring signal with and without PAF
processing.

Fig. 10. FFT spectrums of one-frame non-snoring signal with and without
PAF processing.

It must be noted that the effect of snoring intervention varies
from person to person. For patients with severe snoring, the
effect may be general, or even it is ineffective.

IV. EXPERIMENTAL RESULTS

A. Time–Frequency Analysis Results

Based on the acquired experimental data mentioned above,
time–frequency analysis can be conducted.

The FFT spectrums of one-frame snoring signal with and
without PAF processing are shown in Fig. 9. Besides, the FFT
spectrums of one-frame non-snoring signal with and without
PAF processing are shown in Fig. 10. In these two diagrams,
the blue curve represents the original FFT spectrum vector
with the size of 2048, while the red curve represents the
envelope vector with the size of 48. They figure out that the
main features of the original curve can be extracted effectively
by PAF processing, and this dimension-reduction method is
feasible.

In addition, the energy distribution of snoring signal is dif-
ferent from that of non-snoring signal. The main energies of
the snoring signal are distributed in the frequency band from
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Fig. 11. Spectrograms of the snoring signal with and without PAF processing
within 30 s.

Fig. 12. Spectrograms of the non-snoring signal with and without PAF
processing within 30 s.

6 to 10 kHz. However, the energy distribution of the non-snoring
signal is not obvious, which is related to the type of the sound.
Hence, the envelope vectors after PAF processing can be used
as the input for CNN analysis. Besides, the bivector ES with
the size of 48 * cnt will be used for similarity analysis.

Moreover, the spectrograms of the snoring and non-snoring
signals within 30 s are illustrated in Figs. 11 and 12, respec-
tively. The sizes of the spectrograms with and without PAF
processing are 48 * 352 and 2048 * 352, respectively. These
two spectrograms figure out that the features of the spec-
trogram are augmented after dimension reduction, and the
energies of the snoring spectrogram in the high-frequency
segment are larger than those in the low-frequency segment
obviously, which is very different from that of non-snoring
spectrogram. In addition, the periodicity in the spectrogram of
snoring signal is also stronger than that of non-snoring signal.
Thereby, PAF processing is beneficial to the snore recognition.

The short-time energy diagrams and the corresponding spec-
trograms of the snoring and non-snoring signals within 30 s
are depicted in Figs. 13 and 14, respectively. In the energy dia-
grams, the green curve represents the short-time energy, while

Fig. 13. Short-time energy diagram and the corresponding spectrogram of
the snoring signal within 30 s.

Fig. 14. Short-time energy diagram and the corresponding spectrogram of
the non-snoring signal within 30 s.

the horizontal blue line and vertical red lines stand for the base
line and the locations of the eigenvectors, respectively. They
demonstrate that the number of detected valid sound envelopes
of the snoring diagram is more than that of the non-snoring
diagram, and the periodicity of the snoring signal is clearer
than that of non-snoring signal.

On the other hand, in the spectrograms, the vertical white
dashed lines and solid lines stand for the starting and the end-
ing positions of the single sound signals, respectively. They
are determined by the intersection of the green curve and blue
line in the energy diagrams. Likewise, the vertical red lines
stand for the locations of the eigenvectors (or energy peaks),
which are the same as those marked in the energy diagrams,
as depicted in Figs. 13 and 14. Thus, the corresponding frame
signals are selected, whose FFT spectrum vectors with PAF
processing will be chosen as the eigenvectors for the following
similarity analysis.

In addition, after locations recognition and data partitioning,
the normalized spectrograms of the snoring and non-snoring
signals within 3.58 s after MFCCs processing are depicted
in Figs. 15 and 16, respectively. They demonstrate that the
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Fig. 15. Spectrograms of the snoring signal within 3.58 s after MFCCs
processing.

Fig. 16. Spectrograms of the non-snoring signal within 3.58 s after MFCCs
processing.

eigenvectors composed of the second to the 13th MFCCs can
better represent the features of these frames. Hence, a series
of spectrograms with the size of 12 * 42 will be used for
further analysis. Taking the eigenvectors of PAF processing
into consideration, the improved eigenvectors shown in (17)
will be used as the inputs of the CNN to identify whether
there are snoring sound envelopes or not.

B. Snore Recognition With Similarity and CNN Analyses

According to Figs. 13 and 14, the similarities between
two adjacent eigenvectors in the snoring and non-snoring
spectrograms are calculated, as shown in Figs. 17 and 18,
respectively. Here, all the C and R between two adjacent eigen-
vectors are marked in the spectrograms. If they match the
condition (19), they will be dyed purple; otherwise, they will
be dyed black. It is clear that the numbers of high similar-
ity in the two spectrograms are 5 and 1, respectively, which
indicates that the similarities of the snoring signals are indeed
higher than those of the non-snoring signals.

Fig. 17. Similarities between two adjacent eigenvectors in the snoring
spectrogram are calculated.

Fig. 18. Similarities between two adjacent eigenvectors in the non-snoring
spectrogram are calculated.

The relationship among the direction similarity, amplitude
similarity, and the number of high similarity is shown in
Fig. 19. Here, 33 samples of the snoring and non-snoring sig-
nals within 30 s are selected for analysis. It figures out that
NDs of the snoring signals are all larger than 3, whereas NDs
of the non-snoring signals are basically less than 3, only a few
of them are not less than 3. Except for the snoring signal, the
periodicities or similarities of some other signals may be also
obvious or high, that is why a few of NDs of the non-snoring
signals are larger than 3. Hence, even though ND is not less
than 3, it is still hard to judge whether there are snoring events
or not, and further analysis should be conducted. Therefore, if
the number of high similarity ND is not less than 3, it is judged
that snoring events may occur in this period and CNN analysis
will be adopted for further confirmation; otherwise, there is no
snoring event in this period and the snore recognition is over.
Obviously, the preliminary screening with similarity analysis
is feasible. Moreover, it is easy to be realized for the real-time
detection since the formulas of similarity analysis are simple.

As for CNN analysis, the accuracy and loss curves of CNN
training and validation are depicted in Fig. 20. The sample
sizes of the three sets are shown in Table I. The total sample
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Fig. 19. Relationship among direction similarity, amplitude similarity, and
the number of high similarity.

Fig. 20. Accuracy and loss curves of CNN training and validation.

TABLE III
SNORE RECOGNITION RESULTS WITH CNN ANALYSIS

sizes of the training set and validation set are 31993 and 7996,
respectively, and the ratio is about 8 to 2. The final accuracies
of the training set and validation set are 99.62% and 99.25%,
respectively. In addition, the snore recognition results of the
validation set with CNN analysis are illustrated in Table III.
According to (20) and Table III, ACC is calculated to be as
high as 99.25%.

C. Snoring Suppression Result

The snore detection and suppression experiments are per-
formed by a moderate snorer all night long (about 8 h), and
the test scenario is shown in Fig. 3. The snoring states of the

Fig. 21. Snoring states of the whole night of the moderate snorer with and
without snoring suppression.

whole night of the moderate snorer with and without snoring
suppression are illustrated in Fig. 21. If he is snoring, the snor-
ing state is marked with 1; otherwise, it is marked with 0.
Thus, after three tests, the average snoring times measured by
the patches with and without snoring suppression are about
135 and 15 min, respectively, which demonstrates that the
snoring suppression method is feasible and effective. Actually,
it is very difficult to suppress snoring completely by a single
method, and the anti-snoring effect can be further advanced
by some combination methods in the future.

V. CONCLUSION

The contributions of this article include: 1) a novel low-
cost flexible patch with MEMS microphone and accelerometer
is developed to detect snore event and sleeping posture, and
a small vibration motor embedded in the patch is designed to
suppress snoring; 2) improved eigenvector, extracted by short-
time energy, PAF, and MFCCs processing, is proposed and
used as the input of the CNN; and 3) the snore recognition
method based on the combination of similarity analysis and
CNN analysis is presented, followed by the snoring suppres-
sion method. Experimental results demonstrate that the main
features of the sound signals can be extracted effectively by
PAF and MFCCs processing, and the data compression ratio is
about 99.41%. Besides, the locations of the eigenvectors can
be found accurately based on short-time energy analysis. The
numbers of high similarity of snoring signals within 30 s are
larger than 3, while those of non-snoring signals are often less
than 3. If the preliminary screening with similarity analysis is
passed, CNN analysis will be conducted to judge whether there
are snoring events. The accuracy of snore recognition with
CNN analysis is calculated to be as high as 99.25%. Finally,
the average snoring time measured by the smart patch with
snoring suppression is reduced to 15 from 135 min, which
indicates that the proposed snore recognition and suppression
methods are effective and feasible.

Therefore, this low-cost smart flexible patch can be widely
adopted for snoring diagnosis and auxiliary treatment at home.
It is wearable, portable, and low cost. Given that the snoring
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severity and the effect of snoring intervention vary from per-
son to person, the proposed snore recognition and suppression
methods need to be verified and improved repeatedly with
a variety of cases of different people. Meanwhile, the CNN
model should be continually trained and optimized by more
training and validation data sets. In addition, some com-
bination methods for snore recognition should be further
developed. For example, in our previous work [56], the respi-
ration rate and amplitude can be measured by a 3-axis MEMS
accelerometer, thus auxiliary snore recognition can be per-
formed. However, the difference is that the accelerometer in
the sleep monitoring belt is not rotatable, while it is rotatable
in the flexible patch. Thus, the detection algorithm should be
accordingly improved. The combination of microphone and
accelerometer will help to further enhance the snore detection
accuracy, and the fusion analysis method is promising. These
will be our future work.
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