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Abstract:  Apnea or Sleep Apnea Syndrome is a condition when a person unconsciously stops 
breathing during a sleeping state for longer than a certain time. Long-term and multiple apnea events 
induce various impairments. However, apnea detection in hospitals is an intensive and complicated 
procedure and this causes highly undiagnosed and low awareness of the disease. Existing wearable 
devices for apnea detections mostly used heartbeat signal patterns and SpO2 levels to detect the 
disease, however since apnea is a respiratory impairment, it is believed that using a breathing pattern is 
the most straightforward approach in apnea detection. Several recent studies investigated that 
swallowing frequency during sleep can increase along with the apnea severity.  However, the number 
of wearable devices using swallowing to detect apnea is very limited. Thus, this study proposes a 
wearable system to recognize human contexts such as breathing, heartbeat pattern, and swallowing 
using an audio sensor. Experiments were conducted to compare and obtain the most suitable 
parameters for the system such as window sizes, types of audio feature values, and classification 
algorithms. The prototype of the device was built and able to detect breathing, swallowing, heartbeat, 
oral sounds, and body movement. The result shows the best accuracy of 76.9% using 1s window size 
and Mel’s Frequency Cepstral Coefficient (MFCC) features in contact microphone data. 
Keywords: Wearable Device; Apnea; Audio Sensor  

 
I. INTRODUCTION 

 
leep apnea is the most common sleep problem that 
occurs in 22% men’s population and 17% in 

women’s [1]. Approximately 6-13% of the population 
[2] of the adult from middle-aged and increasing in 
older age [3] also infants in their first year of life are 
having this disease [4]. In the adult, this disease can 
cause deficient sleep quality, sleepiness during the day, 
decreasing memorizing ability, low productivity, and 
increased risk of accidents due to extreme sleepiness 
[5]. In more serious cases, apnea can cause 
hypertension and cardiac disorder. The mentioned 
disorder is also associated with survival loss, behavioral 
disorder, and sudden death in infants [5]. 

Aside from these serious effects, 80% of the patients 
remain undiagnosed [6]. This high rate is mainly due to 
the low awareness of this disease and the complexity of 
sleep apnea detection in hospitals which causes 
reluctance of patients to check their condition. Potential 

patients don’t go to the hospital due to a lack of 
understanding of the disease followed by the 
unfamiliarity of the treatment. 

Polysomnography (PSG) is performed in hospitals to 
detect sleep apnea patterns and severity levels of the 
disease. However, the procedure of polysomnography 
includes multiple sensors which causes it to be an 
uncomfortable process also not homecare friendly for 
the patients [7]. Studies stated that these are some of the 
main factors of the underdiagnosed statistics and highly 
untreated patients of sleep apnea [8].  Thus, the urge for 
a simpler and more comfortable alternative to promote 
apnea detection in daily life encouraged studies in this 
field [9]. 

A homecare wearable system as a preliminary 
diagnosis is believed as an alternative solution to 
promote the diagnosis rate of apnea. At the same time, 
this research aims to make an apnea detection system 
towards a more common wearable system to be used by 
a wide population in daily life as other popular 
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wearable devices; infra-red heart rate and motion 
sensor-based device to be mentioned.  

Thus, this research proposes a simpler device to 
detect apnea using a sound-based approach in a form of 
a wearable system to be used in daily life. Several 
human contexts were inspected using the proposed 
device such as breathing, swallowing, heartbeat, body 
movement and oral sound. This study also compared 
several parameters to obtain the most suitable aspect for 
the system. 

The contributions of this study are as follows: 
1) By the construction of the wearable system, this 

research evaluates several human contexts 
related to apnea using an audio-based sensor.   

2) This study compared several aspects such as the 
device’s positioning, window sizes, feature 
values, types of microphones, also classification 
algorithm to obtain the most suitable parameters 
for the construction of the device.  

3) This study proposed swallowing as a new 
context to be used in a wearable apnea detection 
device.  

The remainder of this paper is organized as follows. 
In Section 2, we introduce the related research. Section 
3 describes the proposed system. In Section 4, we 
explain the evaluation experiments. In Section 5, we 
discuss the results. Finally, we summarize the paper in 
Section 6. 

II.  RELATED RESEARCH 
  

Sleep apnea is a disorder when a person’s breathing 
stops and starts repeatedly during sleep. One apnea 
event is when the breath stops for more than 10 seconds 
and is usually followed by consciousness arousal and a 
change in the heartbeat pattern [5]. Apnea is also often 
associated with loud and rapid snoring during sleep. 
Multiple and long-term apnea events can cause reduced 
sleep quality, sleepiness during the day, decreasing 
memorizing ability, low productivity, and increased risk 
of accidents due to excessive sleepiness [5].  

In severe conditions, apnea induces hypertension, 
cerebrovascular diseases, and cardiac problems. Several 
types of sleep apnea syndrome are Obstructive Sleep 
Apnea (OSA) which is identified by partial or total 
obstruction and repetitive collapse of the upper airway, 
Central Sleep Apnea which is caused by brain signal 
issues, and Complex Sleep Apnea which possesses both 
obstructive and central sleep apnea issues [9]. The 
severity of sleep apnea is assessed based on Apnea-
Hypopnea Index (AHI) which are: mild (5-15 apnea 

events/hour), moderate (15-30 events/hour), and severe 
(>30 events/hour) [10]. 

Polysomnography (PSG) is the standardized 
procedure in hospitals to detect sleep apnea patterns and 
severity. However, the procedure of polysomnography 
includes multiple sensors such as 
Electroencephalogram (EEG), Electro-Oculogram 
(EOG), Electromyogram (EMG), Electrocardiogram 
(ECG), and more which causes it to be a very intensive, 
uncomfortable, complicated, and expensive process 
also not homecare friendly for the patients [9].  

Several approaches were done using various bio-
context to detect the disease such as the use of pulse 
oximetry (SpO2), ECG, sounds, respiration flow, and 
also body movement [9]. Most of the commercial 
wearable devices for homecare apnea detections used 
heartbeat signal patterns and SpO2 levels to detect the 
disease [9]. However, the oronasal airflow and 
breathing pattern is considered the most direct indicator 
for respiratory disorders [9].   

Nevertheless, the oronasal airflow sensor requires it 
to be positioned around the airway tract which most of 
the time is uncomfortable and interrupts the patient’s 
breathing [2]. Thus, breathing sound evaluation is 
considered a more wearable approach.  

Swallowing as a novel context to detect apnea was 
stated by Yagi et. al in 2014. The study concluded that 
swallowing frequency during sleep increases with 
increasing OSA severity [11]. Bhutada et.al in 2020 
also discloses that the majority of the study reviewed by 
them (65%) reported the presence of pharyngeal 
swallowing impairments in patients with OSA [7]. 
However, the number of wearable devices that use 
swallowing frequency as a new context is very limited.  

Various features were extracted and used in the apnea 
detection based on respiratory and sounds such as 
statistical features, time, and frequency domain features 
[9]. Avci et. al in 2015 extracted time domain and 
statistical features such as minimum, maximum, 
variance, average, energy, mode, entropy, and skewness 
from wavelet transformed respiratory signals obtained 
from polysomnography recordings [12]. 

Several studies in apnea detection considered a 
speech recognition approach based on sound signals. 
Mel’s Frequency Cepstral Coefficient (MFCC) is used 
to detect snoring sounds [13] or breathing events [9] in 
various apnea detections. Support Vector Machine 
(SVM) both Polynomial kernel and Radial Basis 
Function (RBF) along with Random Forest are some of 
the most popular algorithms for apnea detection with 
the best output [9]. 
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Sensor positioning in wearable sensors for human 
contexts is very essential since it can directly affect the 
quality of the obtained data. Several research in 
respiratory sound detection used various positions to 
attach the device to the skin. Kalkbrenner et al. (2017) 
used a commercial contact microphone near the carotid 
artery to detect the tracheal sound and heartbeat [14]. Li 
et al. (2016) used a contact microphone on the right 
upper anterior chest to detect wheeze sound [15].  

Suprasternal notch is also considered an alternative 
sensor position to detect body sounds as stated in 
several research [16]. Suprasternal notch is a visible dip 
in between the neck, between the clavicles, and above 
the manubrium of the sternum. It is also known as a 
location that enables sensors to detect tracheal sounds, 
snoring, breathing sound, and heartbeat [2][16]. Thus, 
due to the position, it is also assumed that swallowing 
can also be detected using the same location.  

Considering previous research, this paper would like 
to propose a wearable system as an alternative solution 
for the problem and contribute to the apnea detection 
study. This study clarified several contexts to be 
recognized. The first context is breathing frequency 
since sleep apnea is a breathing problem and the 
respiratory pattern is considered as the most direct 
approach. This study also proposes swallowing as a 
novel context in wearable devices for apnea detection. 
Next, heartbeat detection is also added to support the 
decision process. During the study, we also explored the 
possibility of detecting other contexts aside of the 
mentioned main contexts.   

A simply structured device was constructed to avoid 
the complexity of the detection process with the aim to 
promote wearable at-home detection for apnea.  

 
III. PROPOSED SYSTEM 

 
A. Assumed environment 

 This research aimed to construct a wearable system 
for apnea detection by implementing sound sensors to 
detect human contexts. The system was intended to 
contribute to lowering the undiagnosed rate by 
promoting apnea detection in our daily life. By 
detecting various human contexts, such as breathing, 
swallowing, heart rate, also other contexts, the device 
can also be used for more diverse purposes since it had 
the potential to not only detect apnea but to monitor 
daily sleep quality. 

 Apnea detection from the proposed system was 
intended as a preliminary screening for the disease. 
This result is later to be consulted with a medical expert 
along with the stored data that may contain useful 
information to detect other sleep-related diseases. 
Hence, this study has no intention to replace any 
medical expert’s role. Thus, instead of aiming a perfect 
accuracy, this study would like to contribute more to 
the wearable apnea detection studies by inspecting 
various parameters and contexts. 
 

B. Overview 

 This research proposed a wearable device to detect 
bio-signals integrated with a machine learning-based 
system to recognize each context for later use of apnea 
detection.  Audio-based sensors were chosen to detect 
breathing context with the assumption that respiratory 
frequency is the most direct approach to detect the 
disease. Moreover, the use of a microphone instead of 
an airflow sensor to detect breathing was considered a 
more wearable approach with a similar purpose.  
 The initial proposed method detects mainly three 
different contexts: breathing, swallowing, and heartbeat 
with the hypothesis that the open-air microphone would 
be used to mainly recognize breathing context while the 
contact microphone was to detect swallowing and 
heartbeat.  This research included a preliminary 
experiment to compare three different device 
attachment positions to identify the most suitable 
parameters for the design of the device. After the 
prototype was done, an experiment was carried out 
using the designed device to collect participants’ data. 

 This research then compared different parameters 
such as two types of microphones; open-air microphone 
and contact microphone, window sizes (1s, 2s, 3s), 
feature values (statistical, time and frequency domain, 
and MFCC features), and the classification algorithms 
(SVM Polynomial Kernel, SVM RBF Kernel, and 
Random Forest) to get the suitable parameters for the 
breathing, swallowing, and heartbeat contexts. The 
process was done in the Weka and MATLAB 
environment. 
 

C. Preliminary experiment 

A preliminary experiment was held to decide the 
apt positioning to attach the device to the body. The 
evaluation in this experiment also essentially 
contributed to the design of the device.  
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The experiment compared three different positions: 
a) Position A= neck under the jaw area (around the 
carotid artery), b) Position B= at the end of the neck 
area, between the clavicular bone (suprasternal notch 
area), and c) Position C= left chest area as shown in Fig. 
1. 

Signals from the three locations were acquired 
using two separated microphones: an open-air 
microphone and a contact microphone. One subject 
experiment was done with 5 minutes’ total length of 
recording.  

For the data analysis process, the data were 
separated into four minutes’ total of recording as 
training data and one-minute testing data with the 
sampling frequency of 44.100 Hz. The data were 
segmented using a 3s sliding window with 0.25s step 
length and then 14 audio features were extracted. The 
features included 10 FFT peaks and 4 statistical and 
time-domain features (mean, variance, range, and 
energy feature). The classification was then conducted 
in Weka and MATLAB using the Support Vector 
Machine algorithm.  

The most suitable position was selected based on 
the context detection accuracy of each position. As 
shown in Table I, the result indicated that Position B 
was the most suitable position for all the contexts 
detection with 96.5% for the heart-beat detection which 
was not extremely different compared to the other 
positions.  

Yet, the result for breath and swallowing context 
detection showed a difference of the three positions 
with Position B resulted in the best accuracy of 75.9%. 
Based on this preliminary experiment, Position B was 
selected as the most suitable position for the future 
design. Therefore, the prototype design would be 
constructed accordingly. 
 

D. Prototype design  

The device included two KY-038 microphones 
[17]. One of the microphones was connected to the S 
CK-A603AT Spiritmedical [18] chest piece as the 
contact microphone (Sensor B) while the other 
microphone was functioning as the open-air 
microphone (Sensor A) as shown in Fig. 2(a). Both 
microphones in the device were connected to the PC’s 
audio jacks using different audio channels.  

 
 

Fig. 1 Sensor Positioning, a) Position A= neck under 
the jaw area, b) Position B= suprasternal notch area, 

and c) Position C= left chest area 
 

TABLE. 1 Context Detection Accuracy of Each 
Position in the Preliminary Experiment [%] 

 
Position Heart-beat 

detection 
accuracy 

[%] 

Breath and 
swallowing detection 

accuracy 
[%] 

A 95.8 65.4 
B 96.5 75.9 
C 95.9 36.9 

 

    

 
 

(a) 
 

 
 

(b) 
 

Fig. 2. a) Construction of the Device for Evaluation, 
b) Device’s Attachment to Body 

Open-air Microphone 
(Sensor A) 

Contact Microphone 
(Sensor B) 

Wire Plug 3D Printed Case 
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A 3D printed case was designed to protect and 
maintain the device compactly. The case of the device 
was printed using Acrylonitrile Butadiene Styrene 
(ABS) material [19] as the filament. The edges were 
then refined, polished, and smoothened to promote the 
user’s comfortableness while wearing the device. The 
completed device has a dimension of 17 cm length, 4.5 
cm diameter, and 3.5 cm height with an overall weight 
of 57 grams. 

 
IV. EVALUATION EXPERIMENT 

 
A. Experiment 

The experiment was conducted with seven healthy 
people as participants consisting of four men and three 
women in their 20s and 30s. The purpose of this 
experiment was to obtain data using the designed 
device. The data was then used to build the context 
classification model. This machine learning model was 
then integrated into the overall system. 

 The experiment was conducted in a laying down 
position to mimic sleep position as shown in Fig. 3. 

Then, 10 minutes’ length audio data of the participants 
were recorded using the designed sensor and 
commercial recording software. The experiment 
process for each recording was divided into 3 parts as 
illustrated in Fig. 4:  

 
• Minutes 0-8: participants were asked to do 

natural breathing and periodic swallowing. 
• Minutes 8-9: participants were asked to 

perform several movements such as rolling to 
the right and left as in Fig. 3(b) or lifting the 
blanket as shown in Fig. 3(c). 

• Minutes 9-10: participants were asked to 
perform several oral sounds to mimic snoring 
and sleeping sounds. 

 
(a) 

 
(b) 

 

 
(c) 

 

Fig. 3. a) Laying Down Experiment Position, b) 
Movement during Experiment, c) Wearing Blanket 

during Movement Section 
 

 
Fig. 4. Experiment Configuration 

 
Min. 9-10  
Oral sound 

Min. 8-9 
Movement 

Min. 0-8 
Natural breathing and 
periodic swallowing 

                                   
Fig. 5. Proposed Device Attachment Setting during 

The Experiment along with Professional Microphone 
to be Later Used in Ground-truth Labeling 

 
TABLE II. Proposed Contexts and Description 

 
No. Contexts Description 
1. Breathing One respiration cycle includes 

inhale and exhale 
2. Others Non-breathing event, also 

includes non-breathing state and 
non-related noises 

3. Swallowing Swallowing sound or 
pharyngeal movement 

4. Movement Includes any major body 
movement such as moving to 

the right, left, lifting arms, 
shifting position, etc. 

5. Oral 
Sounds 

Any sounds coming from the 
vocal tract or mouth such as 

snoring, speaking, vocalization, 
and other oral sounds. 

 

Professional Microphone 

Proposed Device 
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Two separated audio recordings were obtained for 
each person, which was the data from Sensor A and 
Sensor B with the sampling rate of 44.100 Hz. During 
the experiment, a professional microphone was attached 
to the participant’s body as shown in Fig. 5 and their 
video was also recorded for the labeling process.  

Data from the professional microphone and 
recorded video were used to construct the set of correct 
labels which is named ground-truth in this research. 
This ground-truth label was then used for the data 
classification process. 
 

B. Data Analysis 
 To acquire the best parameters to be implemented 

in the proposed system, this study inspected and 

compared several aspects such as window sizes, 
extracted feature values, and detection algorithms. 

 Firstly, this study examined different sliding 
window sizes to segment the data using 1s, 2s, and 3s 
of length with 0.25 of step size of each window. Each 
10 minutes recording data with fs of 44.100 Hz from 
both microphones then segmented, resulting in the 
number of segments that varied from 2310-2483. 

 Then feature values from each segment were 
extracted in the MATLAB environment. Two types of 
audio features were compared which were named 
MFCC (Mel’s Frequency Cepstral Coefficient) features 
and non-MFCC features. The MFCCs features were 
extracted in MATLAB. 

 MATLAB extracted a 14 x n array of MFCCs 
features from each segment that consisted of 13 MFCCs 

TABLE III. All Trials Accuracy [%] 
(blue blocks = well converged data, grey blocks= not converged data) 

 

dataset algorithm 

open-air mic accuracy [%] contact mic accuracy [%] 

28 MFCC Features 14 non-MFCC 
Features 

28 MFCC 
Features 

14 non-MFCC 
Features 

1s 2s 3s 1s 2s 3s 1s 2s 3s 1s 2s 3s 

A 

SVM Polykernel 45.6 49.5 50.0 40.9 46.5 57.4 22.9 26.8 23.2 20.2 42.0 47.8 

SVM RBF 46.3 49.2 53.0 44.6 40.2 50.0 30.8 25.5 23.2 46.8 44.6 51.1 

RF 41.8 46.2 47.8 43.1 44.9 38.5 48.3 50.8 51.3 23.6 23.4 47.2 

B 

SVM Polykernel 56.1 55.7 56.0 51.1 14.5 40.3 66.3 57.9 59.3 59.0 55.6 54.6 

SVM RBF 51.5 52.0 52.5 48.2 50.4 52.2 56.8 49.0 48.2 53.1 50.7 51.4 

RF 53.0 45.3 47.3 48.2 45.6 50.1 70.6 64.0 55.4 59.7 53.3 56.3 

C 

SVM Polykernel 52.5 54.2 57.2 47.9 43.3 14.9 62.8 62.1 61.0 51.4 47.1 47.7 

SVM RBF 43.8 44.5 16.9 47.7 44.8 46.5 63.2 57.4 56.2 51.4 45.3 46.5 

RF 55.4 54.8 55.8 36.7 32.7 39.5 69.1 62.3 65.7 52.6 58.1 60.7 

D 

SVM Polykernel 54.3 65.4 55.5 32.0 71.6 69.6 52.1 58.7 58.2 51.9 60.8 22.6 

SVM RBF 71.4 73.2 71.9 70.4 71.6 70.7 41.9 61.8 58.2 70.9 69.7 69.0 

RF 58.9 58.8 62.6 51.8 45.7 51.4 62.2 66.8 65.3 58.9 58.7 66.5 

E 

SVM Polykernel 64.8 65.4 57.7 46.4 62.7 58.0 72.2 59.9 61.9 61.3 65.0 60.7 

SVM RBF 58.7 60.4 62. 51.7 56.9 62.0 65.8 59.5 56.9 65.4 63.7 63.4 

RF 60.8 61.3 61.9 60.2 53.4 55.0 76.9 65.6 66.1 62.0 51.4 58.6 

F 

SVM Polykernel 60.0 53.9 56.5 46.7 36.9 43.6 67.9 57.7 59.5 58.0 42.3 43.5 

SVM RBF 53.3 48.1 51.7 40.4 25.2 46.3 65.5 54.5 56.1 64.6 48.3 47.7 

RF 54.8 50.5 53.5 47.0 44.7 46.7 67.5 56.3 56.7 59.2 53.3 51.7 

G 

SVM Polykernel 54.9 54.3 52.2 31.5 63.8 62.3 52.2 52.0 52.7 40.4 40.1 55.2 

SVM RBF 65.6 58.0 58.3 65.6 65.8 65.4 51.8 44.6 42.3 59.0 54.5 56.0 

RF 57.2 57.4 58.5 45.7 48.9 45.4 60.7 61.7 67.7 54.7 54.1 58.3 
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features + 1 log-energy value. In this study, the 
dimension of the 14 x n array was then reduced so that 
the 14 x 1 mean and 14 x 1 variance were used for each 
segment. Thus, a total of 28 MFCCs features were then 
obtained.  

 The non-MFCCs features were extracted from 10 
FFT peak values, 1 maximum amplitude, 1 range, 1 
variance, and 1 energy value of each segment. The 10 
FFT peak values were obtained by extracting the FFT 
spectrum of each segmented data, then each spectrum 
was separated into 10 equal areas. Peaks of each area of 
the separated spectrum were selected as the 10 FFT 
features. 

 Each data was then labeled as breathing, 
swallowing, movement, oral sound, and others based on 
the ground-truth recording. Preprocessed data were then 
separated into 80% of training and 20% testing for each 
context and then evaluated in the WEKA environment. 

 Different machine learning algorithms were 
compared. This study inspected three different methods 
which were SVM Polynomial Kernel, SVM Radial 
Basis Function Kernel, and Random Forest to classify 5 
different contexts which are breathing, others, 

swallowing, movement, and oral sound as shown in 
Table II.  

 In the WEKA programming, the data were 
preprocessed again using a SMOTE filter to generate an 
equal number of data for all of the evaluated contexts. 
This process was done to prevent any bias during the 
classification. Individual data of each participant was 
trained and tested separately.  

The heartbeat signal was processed separately from 
the other contexts. Raw heartbeat signal obtained from 
the experiment using the contact microphone was 
detected using simple peak detection. A basic algorithm 
used for this detection was by selecting peaks with a 
height more than threshold m times the absolute 
average of the signal. Minimum peak distance was 
determined as one minute of the signal divided by n. 

 The accuracy of the peak-based heartbeat detection 
algorithm in this system was evaluated during the 
preliminary experiment. The system’s accuracy was 
compared using a commercial belt-based heartbeat 
counter named MyBeat [20]. 

 
C. User Experience Survey 

 Following the experiment, a survey was conducted 
to examine the participant’s experience with the system. 
The participants were asked to fill a 10 items survey as 
shown in Table IV regarding several aspects including 
the design and comfortableness of the device and the 
system usability. The response of the survey was in the 

1 2 3 4 5   

149 55 18 1 0 1 Breathing 

15 67 37 0 0 2 Others 

4 0 38 0 0 3 Swallowing 

0 2 0 46 0 4 Movement 

0 0 0 3 51 5 
Oral 
Sound 

(a) 
 
1 2 3 4 5   

213 0 6 1 0 1 Breathing 

113 0 6 0 0 2 Others 

44 0 0 0 0 3 Swallowing 

0 0 5 42 0 4 Movement 

0 0 0 5 42 5 
Oral 
Sound 

(b) 
 

Fig. 7. Example of Confusion Matrix Categorized 
as a) Best Accuracy (indicated with blue blocks in 
Table III), b) Not-Converged Data (indicated with 

grey blocks in Table III) 
 

Table. IV Items of the User Experience Survey 
No. Survey Items 

Design and Comfortableness of the Device 
1. I feel pain during my experience with the 

system. 
2. I feel an unbearable skin uncomfortableness 

during my experience.  
3. I think it is possible to use the device during 

sleep or a long-time use (<1 hour) 
4. I think it is possible to move freely while 

wearing the device. 
5. The device is heavy. 
6. The size of the device is okay.  

System Usability 
7. I think the system is easy to use.  
8. I think I can use the device by myself (I do 

not need other people’s assistance while 
wearing the device) 

9. I think that the system is unnecessarily 
complex. 

10. I think that this system is important.  
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form of 5 levels Likert Scale of 1: Strongly Disagree, 2: 
Disagree, 3: Undecided/ Neutral, 4: Agree, and 5: 
Strongly Agree. The purpose of this survey was to gain 
insights from the user for the future improvement of the 
system. 
 

V. RESULT AND DISCUSSION 
 

A. Window Size, Feature Values, and 

Classification Method  

The acquired data of seven people was analyzed 
using different parameters to construct the best 
prediction model for each context. As shown in Table 
III, the resulting analysis showed that 1s window size 
gave better results for the contact microphone data and 
3s window size gave better results for the open-air 
microphone data classification. In the comparison of the 
extracted audio features value, the MFCCs features 
gave better results compared to the non-MFCC features 
for both of the microphone’s data.  

 Each person’s data were then classified using three 
different classifiers. Classification results using the 
SVM Polykernel and Random Forest algorithm showed 
better outcomes compared to the SVM RBF. In the 
classification using SVM RBF, most of the data did not 
converge well as shown in Table III. In this study, 
prediction is categorized as well-converged when the 
predicted data is not biased to a certain class.  

 Table III shows the accuracy of the classification 
for each microphone data using combination and trials 
with mentioned parameters. Blue color indicates what is 
referred to by best accuracy in this paper. This 
condition is fulfilled when the data is well-converged 
with the minimum of half of the contexts were 
classified correctly, the opposite was indicated by the 
grey color.  Fig. 7(a) and 7(b) showing the example of 
both cases. The best accuracy of classifications showed 
the range of 57.2 - 65.4% for the open-air microphone 
data and 62-76.9% for the contact microphone data. 
The best accuracy was obtained using the contact 

microphone data of 76.9% which was classified using 
Random Forest and 72.2% using SVM Polykernel. 

 Random Forest showed better results compared to 
the SVM Polykernel with 76.9% and 72.2% 
respectively. However, it was observed that SVM 
Polykernel could detect the contexts better as shown by 
time series results shown in Fig. 8. The ability to detect 
the breathing context from the other contexts, especially 
from the silence state was very important in this system. 
Thus, the algorithm which was able to separate 
‘breathing’ from ‘others’ context is very much 
preferred. Table IV shows the performance of both 
algorithms in detecting both contexts. It was shown that 
even though the SVM Polykernel has lower accuracy 
compared to the Random Forest, the first algorithm 
could differentiate both contexts better. 

 In the explanation of our initial hypothesis, it was 
stated the assumption that the open-air microphone was 
expected to mainly detect breathing context. However, 
in this research, it was found that both microphones 

TABLE V. Context Detection Accuracy 
Comparison of Each Microphones [%] 

Index Context Open-air 
Mic [%] 

Contact Mic 
[%] 

1 Breath 71.8 59.2 
2 Others 21.1 59.5 
3 Swallowing 39.7 71.5 
4 Movement 92.1 95.9 
5 Oral Sound 92.3 86.9 

 
 

(a) 
 

 
(b) 

 
Fig. 8. Time Series Graph of a) Random Forest of 
76.9% Accuracy and b) SVM Polykernel of 72.2% 

with x indicating frame numbers and y axis of 
prediction 1=breathing, 2=others, 3=swallowing, 

4=movement, 5 oral sound 
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could detect breathing, swallowing, movement, and oral 
sounds simultaneously. 

 Furthermore, Table III shows that the contact 
microphone could detect the contexts better compared 
to the other microphone as most of the result of the 
classification using the open-air microphone data shows 
less convergence. This study also inspected each of the 
event classification accuracies of both microphones 
based on the converged results only as shown in Table 
IV. 

 Table IV shows that open-air microphones can 
detect the breathing and oral sound contexts better than 
contact microphones with 71.9% and 92.3% accuracy 
respectively. Thus, this result supports the initial 
hypothesis that incorporating multiple microphones 
have the possibility to support the decision-making 
process.  

 Heart-beat detection algorithm accuracy was 
evaluated during the preliminary experiment, resulting 
in 96.5% accuracy using the data acquired with the 
contact microphone part of the designed device on 
position B as shown in Table I. 

 
B. Real-Time Application 

 A Real-Time Detection Application to display 
target contexts such as breathing, swallowing, and 
heartbeat was developed using MATLAB app designer 
tools as shown in Fig.9. The developed application 

shows real-time signals from both sensors as pointed by 
label 1 for signal from open-air microphone and label 3 
for signal from contact microphone.  

A more detailed information about the current 
detected signal is also shown by label 2. The 
background of this display will change into green when 
breathing is detected and yellow when swallowing is 
detected.  
 The application also shows event detections which 
includes heartbeat detection, events detection, also the 
apnea detection pointed by label 5, 6, and 7 respectively. 
For the heartbeat detection, the application detects and 
displays the number of detected heartbeats, the number 
of heart beats per minute (bpm), and the status 
detection based on the number of heart beats per minute. 
As for the bpm < 60 the application will show “low” 
status, for bpm between 60 and 100 the application will 
show “normal” status, and lastly when bpm>100 the 
status “high” will be displayed 
 Three events of breathing, swallowing, and others 
are detected by the application. This study implemented 
machine learning model constructed during the data 
analysis to detect the events in real-time. Thus, the 
application will show what kind of event is currently 
detected and the length of each event. The length of 
each event is important in this research especially in the 
‘others’ detection. When ‘others’ event is detected for 
more than 10s, this means that there is no breathing 
detected during that length of period. Dangerous 
situation might happen thus the application will ring an 
alarm to notify the surrounding people and possibly 
wake the user up.  

Apnea detection and the length of recording time is 
also shown in the application. However, the current 
apnea status in the application was based on breathing 
frequency or AHI index.  

Lastly, this real-time application was equipped 
with a start, stop, and save button also recording time 
information. The save button is functioning to save all 
the recordings from both the mic and also the detection 
result so that the user can consult their recording log 
with medical professionals.  

 
C. User Experience 

 A survey regarding participants’ experience with 
the proposed system was done after the experiment. 
Figure 10 displays the summary of the participants’ 
answers of the user experience survey items as 
mentioned before in Table IV. The figure shows the 
summary of participants’ answer for each survey items. 
Referring on Figure 10 and Table IV, for the answer of 
Items 1 and 2 the result showed that the majority of the 

 
 
 

Fig. 9. Real Time Application  
(1= Signal from Open-air Microphone, 2= Current 

Detected Signal, 3= Signal from Contact Microphone, 
4= Control Buttons, 5= Heartbeat Detection, 6= 

Context Detection, 7= Apnea Detection and Recording 
Time) 

 

1 

2 

3 

4 

6 

5 

7 
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participants did not feel any pain or unbearable skin 
comfortableness during their experience with the 
system. Based on answer for Item 3, most of the 
participants also agreed that it is possible to wear the 
device during sleep or long-time use (>1 hour). For the 
answers of Items 4 and 5, the participants felt neutral 
about the possibility that they can move freely while 
wearing the device and about whether the weight of the 
device is okay, thus there is a possibility that this could 
be improved.  For the answers of Items 6, 7, and 8, they 
indicated that the participants were agreed that the size 
of the device is okay, and that the device is easy to use, 
also that that there is possibility to wear the device by 
themselves. Based on answer to Item 9, the participants 
felt neutral about the complexity of the system. Lastly 
based on respond to Item 10, the majority of the 
participants agreed that the system is important.  
 Thus, based on the survey there are several points 
that should be improved from the current system which 
are the weight of the device, the possibility for the user 
to move freely while wearing the device, and also the 
complexity of the system.  
 

D. Limitations 

 Several limitations were considered in this study. 
First, both the preliminary experiment and individual 
experiments were implemented in an ideal environment 
with a minimum noise setting. Thus, the current 
resulting system might not work ideally under a noisy 

environment. All of the experiments were held in a 
maximum of 10 minutes recording time range. More 
than 1 hour also a real sleep setting implementation has 
not been conducted in this presented study.  
 Regarding the participants, this study selected 
participants for the experiment regardless of gender and 
age, also they were considered as normal and healthy 
(non-apnea patients). The decision was based on the 
consideration that in this stage of study, the main 
purpose is to investigate suitable parameters to 
recognize human contexts, to later detect the sleep 
apnea disorder. 

 Lastly, in this stage of research, the resulting 
system has not been implemented on real apnea patients. 
Thus, mentioned apnea status prediction in the real-time 
application is still based on AHI Index.  
 

VI. CONCLUSION AND FUTURE WORK 
 

  This paper proposes an audio-based wearable 
system that recognizes contexts for apnea detection. 
The proposed system was able to detect breathing, 
others (non-breathing state), swallowing, movement, 
oral sound, and heartbeat using audio-based sensors. 
This result indicated that more context classified by the 
system compared to the initial hypothesis, which was 
only breathing, swallowing, and heartbeat. From the 
evaluation, the results indicated that the window size of 
1s is the most suitable for the contact microphone data 
while the 3s window size is better to classify the open 
microphone data. MFCC features are considered the 
most suitable features value to classify data from both 
microphones. The current system along with the 
classification model can classify most of the events 
resulting in 76.9% accuracy using Random Forest 
classifier and 72.2% accuracy using SVM Polykernel 
classifier to classify breathing, others, swallowing, 
movement, and oral sound. However, the latter 
algorithm is considered more suitable to be 
implemented in the system. While the heartbeat 
detection using peak detection resulted in 96.5% 
accuracy.  
 This research contributed to the study of wearable 
devices in the detection of apnea especially in the use of 
multiple audio sensors to detect breathing and heartbeat 
along with swallowing as the novel context. With the 
vision that the furtherance of this study indicates a 
promising through a more direct approach to the 
problem.  

 A second prototype with better sensing quality and 
a more comfortable design will be developed. This 
research aims to improve the accuracy of the detection 

 
 

Fig. 10 Majority or most frequent participants’ 
answer to each survey items. Item 1-6 addresses the 
comfortability and design of the device and Item 7-

10 address the usability of the system with the 
response scale of 1: Strongly Disagree, 2: Disagree, 

3: Undecided/ Neutral, 4: Agree, and 5: Strongly 
Agree (See Table IV). 
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by combining features from both microphones. 
Sleeping environment trials on real apnea patients also 
will be held to analyze the heartbeat and swallowing 
pattern.  
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