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ABSTRACT

Cough monitoring can enable new individual pulmonary health
applications. Subject cough event detection is the foundation for
continuous cough monitoring. Recently, the rapid growth in smart
hearables has opened new opportunities for such needs. This pa-
per proposes EarCough, which enables continuous subject cough
event detection on edge computing hearables, by leveraging the
always-on active noise cancellation (ANC) microphones. Specifi-
cally, we proposed a lightweight end-to-end neural network model
— EarCoughNet. To evaluate the effectiveness of our method, we
constructed a synchronous motion and audio dataset through a user
study. Results show that EarCough achieved an accuracy of 95.4%
and an F1-score of 92.9% with a space requirement of only 385 kB.
We envision EarCough as a low-cost add-on for future hearables to
enable continuous subject cough event detection.
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1 INTRODUCTION

Cough is one of the most relevant and common indicators of pul-
monary diseases[4, 18]. Subject cough refers to the cough originat-
ing from the user of the cough event detection method rather than

“This is the corresponding author.

Permission to make digital or hard copies of part or all of this work for personal or
classroom use is granted without fee provided that copies are not made or distributed
for profit or commercial advantage and that copies bear this notice and the full citation
on the first page. Copyrights for third-party components of this work must be honored.
For all other uses, contact the owner/author(s).

CHI EA °23, April 23-28, 2023, Hamburg, Germany

© 2023 Copyright held by the owner/author(s).

ACM ISBN 978-1-4503-9422-2/23/04.

https://doi.org/10.1145/3544549.3585903

Shwetak Patel
shwetak@cs.washington.edu
University of Washington
United States

Yuanchun Shi
shiyc@tsinghua.edu.cn
Department of Computer Science and
Technology, Tsinghua University
China

the cough emitted from the user’s environment (such as the cough
from other pulmonary disease patients), which is defined as envi-
ronmental cough. Future automatic cough event detection methods
are expected to have subject-awareness [11], which is the ability to
distinguish subject cough events from environmental cough events.
Without subject-awareness, cough event detection methods would
incorrectly detect environmental coughs and further provide mis-
leading health or disease reports to clinicians, which significantly
limits the health application scenarios [27].

In recent years, earphones have become one of the most ubiqui-
tous end-user accessories [7]. The global hearables market is pro-
jected to reach $93.90 billion by 2026 [22]. With the rapid growth of
the hearables market, modern smart earphones are developed with
rich sensing capabilities and microcontrollers with computational
capability, which attracted the research community to explore ways
to leverage earphones in the field of health and physiological sens-
ing. Smart earphones have already been leveraged to detect various
physiological signals [3, 6, 13, 16, 17, 19, 23, 28], including heart
rate [10, 13], brain signals [16] and respiration rates [15, 23]. Be-
sides, it has been proved that real-time, privacy-safe, low-cost, and
ubiquitous cough event detection was able to achieve by leveraging
active noise cancellation earphones [29].

This paper presents EarCough, a technique that enables con-
tinuous subject cough event detection on edge computing hear-
ables. Specifically, we proposed a lightweight end-to-end deep learn-
ing model named EarCoughNet, which takes the dual-channel au-
dio from hybrid active noise cancellation microphones on smart
earbuds as input. To evaluate the effectiveness and reliability of
EarCough, we built a dataset targeted at subject cough event detec-
tion with sensor fusion data: dual-channel audio data from active
noise cancellation microphones of Bose QC 20, plus motion data
from the IMU sensor. EarCough achieved an accuracy of 95.4% and
an F1-score of 92.9% on the constructed dataset, with a space require-
ment of only 385kB. We envision EarCough as a low-cost add-on for
future hearables to enable continuous personal pulmonary health
monitoring.

This paper’s main contributions have three folds as below.

1) We proposed EarCough, a technique that enables continu-
ous subject cough event detection. To the best of our knowledge,
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EarCough is the first subject cough event detection method uti-
lizing the difference between dual-channel audio of the built-in
always-on hybrid ANC microphones in commodity hearables.

2) We evaluated EarCough’s effectiveness and reliability via user
study. Results show that EarCough realizes subject cough event
detection every 0.5 seconds at an accuracy of 95.4% and an F1-score
of 92.9% with only 385 kB space requirement.

3) We established the first dataset targeted at continuous subject
cough detection with the sensor fusion data: dual-channel audio
data from two active noise cancellation microphones plus motion
data from the IMU sensor.

2 BACKGROUND AND RELATED WORKS

Cough is one of the most common and prominent symptoms as-
sociated with many respiratory diseases such as COPD, asthma,
and tuberculosis [4, 18]. Automatic cough event detection methods
can provide valuable features for pulmonary diagnosis and health
condition assessment [11, 27, 31].

Recently, the research community has widely explored auto-
matic cough event detection methods, most of which are audio-
based [5, 9, 14, 24, 26, 29, 32], owing to the valuable characteristic
spectral signature contained in cough sounds [2]. For instance,
Wang et al. [29] proposed HearCough, enabling state-of-the-art
continuous cough event detection based on the audio signals from
commodity hearables. However, most previous work ignored the
importance of distinguishing coughs emitted from the subject (sub-
ject coughs) and coughs originating from the subject’s environment
(environmental coughs), which . In public scenarios, the falsely de-
tected environmental coughs would then be mistakenly considered
for a health analysis or disease diagnosis by clinicians, which could
have serious adverse consequences due to harmful medication use
and increased costs for patients [27].

To fill the gap in subject-awareness, researchers have already
explored methods targeting distinguishing between coughs emitted
by different coughers. For instance, Whitehill et al. [30] proposed
Whosecough, a cougher verification model using audio-based multi-
task learning strategy and achieves high accuracy under in-the-wild
data. Jokic et al. [12] presented TripletCough, leveraging triplet net-
work architecture and audio signals captured from smartphones
to distinguish cough events among different coughers. However,
these works only focus on differentiating the cougher who emits
the cough rather than subject cough event detection from other
events under different noisy environments, which does not directly
feed the need of the healthcare industry. As a result, some previous
works introduced subject-awareness into cough event detection
methods, which were regarded as subject cough event detection
methods. For example, Rahman et al. [21] proposed an audio-based
subject cough event detection method, which leveraged feature
engineering and random forest, and achieved 94.2% precision on
subject cough event recognition and is suited to be applied on
smartphones. Nevertheless, this method was evaluated only on the
in-lab dataset, which may suffer from performance drop under in-
the-wild scenarios. Besides, no practical approach can be deployed
to a microcontroller with only hundreds of kilobytes of RAM (e.g.,
ARM M4F).
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Recently, smart earbuds are often developed more than just au-
dio listening devices, offering an expanding suite of sensors and
microcontrollers with computational capability. Most modern ear-
buds are equipped with active noise cancellation (ANC), which
was designed to enhance users’ listening experience by reducing
environmental noises. Hybrid ANC is one of the most adopted so-
lutions since it produces the best noise reduction while alleviating
acoustic discomfort to human ears'. To achieve hybrid active noise
cancellation, one or a set of feed-forward (reference) microphones
are placed at the outer side of the earphone to collect the environ-
mental noises. Then an adaptive filter running on the digital signal
processor will generate an anti-phase signal with 180° phase delay
to the speaker to eliminate the noises propagated to the human
ear. A feedback (error) microphone, placed between the speaker
and the ear, is deployed to further monitor the noise cancellation
performance and then fine-tune the adaptive filter.

Audio signals received by the feed-forward and feedback mi-
crophones are different due to many factors, such as the distance
and the orientation of the sound source. As a result, we envision
leveraging the difference between the dual-channel audio signals to
achieve subject-awareness. Moreover, due to the proximity of ear-
phones to the mouth, high-quality subject cough sounds could be
acquired and thus can be leveraged for a more robust cough event
detection system. Besides, active noise cancellation earphones are
usually compact, portable, and minimally intrusive. As a result, we
envision hybrid active noise cancellation smart earbuds as an ideal
hardware platform for continuous subject cough event detection.

Compared to previous works, EarCough achieves state-of-the-art
subject cough event detection performance with less computational
needs. To the best of our knowledge, we are the first to develop a
resource-efficient end-to-end subject cough event detection method,
which is compatible with the microcontroller in modern earphones.

3 METHOD

3.1 The Construction of Synchronous Audio
and Motion Dataset

Although in this paper, EarCough takes only audio signals as input,
we envision sensor fusion with audio and motion data as a potential
method to further improve the performance of subject cough event
detection. As a result, we collect synchronous audio and motion
data and construct the dataset.

3.1.1 Participants. We first recruited 10 participants (3 females, 7
males) with an average age of 21.4 (s.d. = 0.80). None of them had
pulmonary diseases.

3.1.2  Hardware platform for synchronous data collection. We estab-
lished a hardware platform based on smart earbuds for data collec-
tion. The hardware platform is shown in Figure 1, which comprises
three main components. We used the hybrid ANC earbuds Bose QC
20 as the core collection device, equipped with feed-forward and
feedback microphones. Since there is no motion sensor in Bose QC
20, we embedded an inertial measurement unit named MPU9250
into the earbuds. The internal structure of the earbuds is shown
in Figure 1C. During the collection, dual-channel audio (48 kHz)

!https://blog.teufelaudio.com/hybrid-anc/


https://1https://blog.teufelaudio.com/hybrid-anc

EarCough: Enabling Continuous Subject Cough Event Detection on Hearables

MPU9250

B Bose aco

Feedforward
microphone

Figure 1: Hardware platform for data collection A: Partic-
ipant wearing the collection devices B: Three components
of the hardware platform C: internal structure of modified
Bose QC 20, we embedded the IMU sensor named MPU9250
into the earbuds.

is captured by microphones in Bose QC 20 and imported into the
DR-05X recorder on the far right of Figure 1B for storage. The
embedded MPU9250 shown in Figure 1C is used to collect 6-axis
motion signals (including 3-axis accelerometer and 3-axis gyro-
scope data) at a sampling rate of 1kHz, which are further imported
into the Arduino Feather MO chip on the far left of Figure 1B for
processing and storage.

3.1.3  User study design and procedure. The user study was con-
ducted in a standard conference room. During the collection proce-
dure, each subject needs to complete the same ten groups of exper-
iments under three sound environments, including quiet room (43
~ 50dB), noisy room (64 ~70dB), and environmental cough (45 ~
60dB). The study was approved by the Institutional Review Board
(IRB).

For the noisy indoor sound environment, Bluetooth speakers
are used to randomly play all kinds of noise to create the sound
environment, which aims to simulate real-life application scenarios.
The played background sounds includes natural sound, musical
instrument sound, animal sound, human sound, transportation
sound and most of the non-cough sound events in users’ life. The
environmental cough sound environment is created by playing
multiple cough audio randomly. All cough audios are high-quality
cough audio from FreeSound [8] website. The sound environment
of environmental cough was created to simulate the public social
scenarios where multiple people have cough symptoms. We did
not simulate two participants coughing simultaneously in the same
conference room, which may expose our participants to extremely
high health risks.

In each sound environment, the participant wore the hardware
and finished seven groups of collections in sitting position, includ-
ing single cough 10 times, continuous cough 10 times, 5 bites of
apple, 5 sips of water, laughing when watching funny videos (video
lasts for 1.5 minutes), reading stories for 2 minutes, and randomly
move their heads for 1 minute. The participants also finished three
groups of collection in walking state, including walking for 30 sec-
onds, single cough 10 times while walking and continuous cough
10 times while walking.

The collecting procedure lasted for about one hour. After com-
pleting the data collection user study, a total of 33059.79 seconds of
dual-channel audio and motion data were obtained. Each partici-
pant received a 15 USD gift card for their time and effort. We passed
the hardware prototype among users after thorough sterilization
with 75% alcohol.
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Table 1: Statistic results of collected data

Event Total Dur. (sec.) Average Dur. (sec.)  S.D.

Single coughs (sitting) 120.1 0.384 0.291
Continuous coughs (sitting) 247.7 0.796 0.228
Bites of apple 1519.0 10.264 3.783

Sips of water 96.2 0.601 0.594
Laughing 1823 1.823 1.590
Reading 2640.7 88.023 10.510
Randomly head movement 631.5 21.050 6.762
Walking 1036.8 34.560 4.833

Single coughs (walking) 150.3 0.515 0.250
Continuous coughs (walking) 204.0 0.682 0.293
Environmental coughs 1799.3 1.166 0.323

To ensure the annotation quality, we recruited three professional
data annotators to annotate the data. The statistic results of col-
lected data after annotation was shown in Table 1.

3.2 EarCoughNet: An End-to-end Deep Learning
Model For Subject Cough Detection

3.2.1  Architecture of EarCoughNet. The input of EarCoughNet
is the raw dual-channel audio signals of the hybrid active noise-
canceling earbuds, and the output is the probability of the subject
cough event and other events, respectively. As shown in Figure 2,
EarCoughNet consists of four convolution blocks and three fully
connected layers. The first convolution layer of the first convo-
lution block is a 2-dimensional convolution layer, which extracts
the features of the difference between the dual-channel audio. The
rest of the convolutional layers are all 1-dimensional convolutional
layers, which has fewer parameters and thus can effectively reduce
the model size and resource requirements.
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Figure 2: EarCoughNet architecture

3.2.2  Training procedure. We divided the constructed dataset into
training (6 users), validation (2 users) and testing (2 users) dataset.
All the audio data was cut into 500-ms audio clips, since cough
lasted for 350-ms on average [1]. We applied data augmentation
methods to the audio of training dataset to expand its size and
reduce the model’s susceptibility to environmental factors. The
audio data augmentation consisted of three stages, which are
e Standard audio data augmentation including gain adjust-
ment, time shift, pitch shift, speed adjustment and random
masking by making 0-10% of random points zero.
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o Noise augmentation including adding machine stimulated
white Gaussian noise and mixing background noise from
various environmental settings. The background noises are
selected from ECS-50 [20].

e Data formatting including data re-sampling and data nor-
malization.

After augmentation, the composition of the three datasets is
listed in Table 2. We adopted early-stopping strategy on the eval-
uation dataset to decide the end of our training. We trained four
EarCoughNet variants with different sampling rate, including 48kHz,
24kHz, 16kHz, and 8kHz. To evaluate the models’ effectiveness, we
conducted a cross-user evaluation process on the testing dataset.

Table 2: Composition of training, validation and testing
dataset

Samples Training Validation Testing
Subj. coughs 2947 842 844
Env. coughs 4835 1208 1269
Other events 48104 9620 10403

Audio clips are all 500-ms windows.

4 RESULTS AND DISCUSSIONS

4.1 Baselines

We selected two existed cutting-edge cough event detection meth-
ods as baselines.

(1) HearCough [29]. HearCough is the first effective end-to-
end continuous cough event detection method that can be
deployed on commodity hearables. However, this work did
not consider subject-awareness. We re-implemented and
evaluated the model on our constructed dataset.

(2) EOCD [21]. EOCD is an efficient online cough detection
model deployed on smartphones. This method developed
specific modules for subject-awareness and achieved out-
standing subject cough event detection performance on in-
lab dataset.

4.2 Evaluation Metrics

We considered the following evaluation metrics: 1) detection per-
formance, 2) space requirement, 3) time complexity.

e Detection performance. We used overall accuracy and F-1
score in distinguishing subject coughs and other samples
as the major metrics. Further, since subject-awareness is
the ability to distinguish subject coughs and environmen-
tal coughs, we also used overall accuracy and F-1 score in
distinguishing subject coughs and environmental coughs as
another pair of performance metrics.

e Space requirement. Since the edge computing unit has lim-
ited on-board storage that stores the model and the tempo-
rary inputs and outputs at each layer, we used space require-
ment as on-chip metrics, which indicate the deployablility
of the techniques.

o Time complexity. Real-time detection is an essential ability
for cough event detection methods. As a result, less inference
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time is required, which can be represented by the less time
complexity of the model. We used the FLOPs of the model
as the metric of time complexity.

4.3 Results and Findings

We present major evaluation results of all the variants of EarCough-
Net and the two baseline methods in Table 3 and Table 4.

Table 3: Evaluation results of effectiveness.

Model Input Size Acc.-1" F1.-1t  Acc.-2*  F1.-2°
EarCoughNet 0.5s @ 48 kHz 93.37% 89.80% 96.9% 96.8%
EarCoughNet 0.5s @ 24 kHz 95.01% 92.66% 96.4% 96.2%
EarCoughNet 0.5s @ 16 kHz 95.23%  92.25% 95.5% 96.3%
EarCoughNet 0.5s @ 8 kHz 95.35%  92.89% 95.5% 94.6%

EOCD* 0.6 s @44.1kHz 94.20%  93.70% - -

HearCough 0.5s @ 11 kHz 87.88%  88.04%  51.64%  45.70%

* Acc. and F1. for distinguishing subject coughs and other audio samples.
# Acc. and F1. for distinguishing subject coughs and environmental coughs.
* Unreported values in this row were not evaluated in the original work.

Table 4: Evaluation results of computing and space require-
ments.

Model Input Size Flops (M) Space (kB)
EarCoughNet  0.5s @ 48 kHz 73.91 1665
EarCoughNet  0.5s @ 24 kHz 36.88 897
EarCoughNet  0.5s @ 16 kHz 24.53 641
EarCoughNet 0.5s @ 8 kHz 12.20 385

EOCD* 0.6 s @ 44.1 kHz - 99000

HearCough 0.5s @ 11 kHz 16.20 480

* Unreported values in this row were not evaluated in the original work.

EarCoughNet is effective for subject cough event detec-
tion. As shown in Table 3 and 4, EarCoughNet achieves comparable
detection performance when compared to the EOCD model. How-
ever, as an end-to-end model, EarCoughNet has significantly less
requirement in computing resources and storage space. Compared
to HearCough, EarCoughNet yields higher detection performance
at all sampling rates. Worth mentioning, EarCoughNet significantly
outperforms HearCough in terms of subject-awareness, which re-
flects the weakness for works not considering subject-awareness.
Since HearCough at an 11 kHz sampling rate can be deployed on the
popular microcontroller of commodity hearables, EarCoughNet at
8kHz sampling rate potentially enables real-time on-board subject
cough event detection with even less space and computing power
compared to HearCough.

A sampling rate at 8 kHz is sufficient for subject cough
event detection using end-to-end deep learning model. Cough-
ing sounds have a spectral distribution between 350 Hz and 4
kHz [25]. In order to retent the information of coughs, the sam-
pling rate should be higher than 8kHz according to Nyquist’s law. A
higher sampling rate provides more high-frequency features, which
are unnecessary for cough detection and even introduce more con-
fusing information about cough-like sounds emitted by human
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beings, including laughter and speaking. According to the analysis
of the results, EarCoughNet with a higher sampling rate increases
the error rate of misidentifying cough as laughter and speaking,
which causes a significant performance drop at the sampling rate
of 48kHz. Compared to EarCoughNet with a sampling rate of 16
kHz or 24 kHz, EarCoughNet at the sampling rate of 8 kHz achieves
equivalent detection performance with less computing power and
space requirement, which showed that 8 kHz is sufficient for subject
cough event detection.

Effective subject-awareness of EarCoughNet comes from
the difference of dual-channel audio. An ablation study was
conducted to investigate the reason for EarCoughNet’s outstanding
performance in subject-awareness. Specifically, we varied the input
of EarCoughNet from dual-channel to single-channel audio from
either the feedback microphone or the feed-forward microphone. As
shown in 5, single-channel audio-based EarCoughNet suffers from
a performance drop in subject-awareness compared to the dual-
channel audio-based EarCoughNet, which demonstrated that the
difference between the dual-channel audio benefits the performance
of subject-awareness.

Table 5: Ablation study results of EarCoughNet

Input of EarCoughNet Acc.” F1.7
Dual-channel audio 95.50% 94.60%
Feed-forward microphone’s audio  88.87% 82.15%
Feedback microphone’s audio 89.77% 89.14%

# Acc. and F1. for distinguishing subject coughs and environmental coughs.

5 CONCLUSION AND FUTURE WORK

In this paper, we have proposed EarCough, a technique that en-
ables the always-on hybrid active noise cancellation microphones
in commodity hearables for continuous subject cough event detec-
tion. We proposed a lightweight end-to-end deep learning model —
EarCoughNet, which leverages the difference between feed-forward
and feedback audio of hybrid ANC smart earbuds to achieve effec-
tive subject-awareness. To evaluate the effectiveness of the method,
we constructed the first synchronous audio and motion dataset
targeted at subject cough event detection. We proved EarCough’s
effectiveness and reliability by training and evaluating the model
on the constructed dataset. Results show that EarCough achieved
subject cough event detection with an accuracy of 95.4% and an
F1-score of 92.89% at the audio sampling rate of 8kHz with only
385kB space requirement. To the best of our knowledge, we are
the first to develop a resource-efficient end-to-end subject cough
event detection compatible with the microcontroller in modern
earphones.

Although EarCough achieves outstanding feasibility and effi-
ciency, our constructed dataset needs to expand the evaluation
scenarios. For instance, we have not included scenarios when peo-
ple are listening to the sounds playing from the earbuds. Since the
played sounds may influence the quality of the feedback micro-
phone’s audio, extra modules based on noise cancellation will be
added on EarCough to decrease the negative effect. After expanding
the dataset, we will make it publicly accessible to help the research
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community improve subject cough event detection methods. Be-
sides, we have not evaluated EarCough in real-life scenarios. As
a result, we plan to conduct a field study in the wards of stroke
patients with cough symptoms and further fine-tune EarCough-
Net based on the evaluation results. Finally, since cough usually
causes body movements, we envision that sensor fusion methods
will further increase the detection performance of EarCough with
the motion features extracted from inertial measurement unit (IMU)
signals.

ACKNOWLEDGMENTS

This work is supported by the Natural Science Foundation of China
(NSFC) under Grant No.62132010 and No0.62002198, Young Elite Sci-
entists Sponsorship Program by CAST under Grant No.2021QNRC001,
Tsinghua University Initiative Scientific Research Program, Beijing
Key Lab of Networked Multimedia, Institute for Artificial Intelli-
gence, Tsinghua University, and Beijing National Research Center
for Information Science and Technology (BNRist).

REFERENCES

[1] Justice Amoh and Kofi Odame. 2013. Technologies for developing ambulatory
cough monitoring devices. Critical Reviews™ in Biomedical Engineering 41, 6
(2013).

Justice Amoh and Kofi Odame. 2014. Technologies for developing ambulatory
cough monitoring devices. Critical Reviews in Biomedical Engineering (2014).
https://doi.org/10.1615/critrevbiomedeng.2014010886

[3] Chanavit Athavipach, Setha Pan-Ngum, and Pasin Israsena. 2019. A wearable
in-ear EEG device for emotion monitoring. Sensors (Switzerland) 19, 18 (2019),
1-16. https://doi.org/10.3390/s19184014

[4] Filipe Barata, Kevin Kipfer, Maurice Weber, Peter Tinschert, Elgar Fleisch, and
Tobias Kowatsch. 2019. Towards device-agnostic mobile cough detection with
convolutional neural networks. In 2019 IEEE International Conference on Health-
care Informatics (ICHI). IEEE, 1-11.

[5] SS Birring, T Fleming, S Matos, AA Raj, DH Evans, and ID Pavord. 2008. The
Leicester Cough Monitor: preliminary validation of an automated cough detection
system in chronic cough. European Respiratory Journal 31, 5 (2008), 1013-1018.

[6] Nam Bui, Nhat Pham, Jessica Jacqueline Barnitz, Zhanan Zou, Phuc Nguyen,
Hoang Truong, Taeho Kim, Nicholas Farrow, Anh Nguyen, Jianliang Xiao, Robin
Deterding, Thang Dinh, and Tam Vu. 2019. eBP: A Wearable System For Frequent
and Comfortable Blood Pressure Monitoring From User’s Ear. Proceedings of
the 25th Annual International Conference on Mobile Computing and Networking
(MobiCom’19) (2019), 1-17. https://doi.org/10.1145/3300061.3345454

[7] Canalys. 2020. Global smart device shipment forecasts 2020 to 2023. https://www.
canalys.com/newsroom/canalys-worldwide-smart-device- shipments-2023 Last
accessed January 2020.

[8] Frederic Font, Gerard Roma, and Xavier Serra. 2013. Freesound Technical Demo.
In Proceedings of the 21st ACM International Conference on Multimedia (Barcelona,
Spain) (MM ’13). Association for Computing Machinery, New York, NY, USA,
411-412. https://doi.org/10.1145/2502081.2502245

[9] Wei Gao, Wuping Bao, and Xin Zhou. 2019. Analysis of cough detection index
based on decision tree and support vector machine. journal of Combinatorial
Optimization 37, 1 (2019), 375-384.

[10] Valentin Goverdovsky, David Looney, Preben Kidmose, and Danilo P. Mandic.
2016. In-Ear EEG From Viscoelastic Generic Earpieces: Robust and Unobtrusive
24/7 Monitoring. IEEE Sensors Journal 16, 1 (2016), 271-277. https://doi.org/10.
1109/JSEN.2015.2471183

Jocelin I Hall, Jocelin Isabel Hall, Manuel Lozano, Luis Estrada-Petrocelli, Luis
Estrada-Petrocelli, Surinder S. Birring, Richard D. Turner, and Richard Turner.
2020. The present and future of cough counting tools. Journal of Thoracic Disease
(2020). https://doi.org/10.21037/jtd-2020-icc-003

Stefan Jokic, David Cleres, Frank Rassouli, Claudia Steurer-Stey, Milo A. Puhan,
Martin Brutsche, Elgar Fleisch, and Filipe Barata. 2022. TripletCough: Cougher
Identification and Verification from Contact-Free Smartphone-Based Audio
Recordings Using Metric Learning. IEEE Journal of Biomedical and Health Infor-
matics (2022). https://doi.org/10.1109/jbhi.2022.3152944

Steven Francis Leboeuf, Michael E Aumer, William E Kraus, Johanna L Johnson,
and Brian Duscha. 2014. Earbud-based sensor for the assessment of energy
expenditure, HR, and VO2max. Medicine and science in sports and exercise 46, 5
(2014), 1046-1052. https://doi.org/10.1249/MSS.0000000000000183

[2

[11

=
&N

[13


https://doi.org/10.1615/critrevbiomedeng.2014010886
https://doi.org/10.3390/s19184014
https://doi.org/10.1145/3300061.3345454
https://www.canalys.com/newsroom/canalys-worldwide-smart-device-shipments-2023
https://www.canalys.com/newsroom/canalys-worldwide-smart-device-shipments-2023
https://doi.org/10.1145/2502081.2502245
https://doi.org/10.1109/JSEN.2015.2471183
https://doi.org/10.1109/JSEN.2015.2471183
https://doi.org/10.21037/jtd-2020-icc-003
https://doi.org/10.1109/jbhi.2022.3152944
https://doi.org/10.1249/MSS.0000000000000183

CHI EA °23, April 23-28, 2023, Hamburg, Germany

[14] Daniyal Liaqat, Salaar Liaqat, Jun Lin Chen, Tina Sedaghat, Moshe Gabel, Moshe

Gabel, Frank Rudzicz, and Eyal de Lara. 2021. Coughwatch: Real-World Cough
Detection using Smartwatches. ICASSP 2021 - 2021 IEEE International Conference
on Acoustics, Speech and Signal Processing (ICASSP) (2021). https://doi.org/10.
1109/icassp39728.2021.9414881

Haipeng Liu, John Allen, Dingchang Zheng, and Fei Chen. 2019. Recent develop-
ment of respiratory rate measurement technologies. Physiological Measurement
40, 7 (2019). https://doi.org/10.1088/1361-6579/ab299e

By David Looney, Preben Kidmose, Cheolsoo Park, Michael Ungstrup, Mike Lind
Rank, and Karin Rosenkranz. 2012. Recording Concept. Ieee december (2012),
32-42.

Alexis Martin and Jérémie Voix. 2018. In-ear audio wearable: Measurement of
heart and breathing rates for health and safety monitoring. IEEE Transactions on
Biomedical Engineering 65, 6 (2018), 1256-1263. https://doi.org/10.1109/TBME.
2017.2720463

Ebrahim Nemati, Md Juber Rahman, Korosh Vatanparvar, Viswam Nathan, and
Jilong Kuang. 2020. Estimation of the Lung Function Using Acoustic Features
of the Voluntary Cough. 42nd Annual International Conferences of the IEEE
Engineering in Medicine and Biology Society, EMBC 2020.

Anh Nguyen, Raghda Alqurashi, Zohreh Raghebi, Farnoush Banaei-Kashani,
Ann C. Halbower, and Tam Vu. 2016. A lightweight and inexpensive in-ear
sensing system for automatic whole-night sleep stage monitoring. Proceedings of
the 14th ACM Conference on Embedded Networked Sensor Systems, SenSys 2016
(2016), 230-244. https://doi.org/10.1145/2994551.2994562

Karol J. Piczak. 2015. ESC: Dataset for Environmental Sound Classification.
https://doi.org/10.7910/DVN/YDEPUT

Md Juber Rahman, Ebrahim Nemati, Mahbubur Rahman, Korosh Vatanparvar,
Viswam Nathan, and Jilong Kuang. 2019. Efficient Online Cough Detection
with a Minimal Feature Set Using Smartphones for Automated Assessment of
Pulmonary Patients.

Allied Market Research. 2020. Hearables Market — Global Opportunity Analysis
and Industry Forecast, 2019 — 2026. https://www.alliedmarketresearch.com/
hearables-market Last accessed January 2023.

Tobias Réddiger, Daniel Wolffram, David Laubenstein, Matthias Budde, and
Michael Beigl. 2019. Towards Respiration Rate Monitoring Using an In-Ear
Headphone Inertial Measurement Unit. International Joint Conference on Pervasive
and Ubiquitous Computing (Ubicomp’19), 1st International Workshop on Earable
Computing Systems (2019), 48-53. http://www.esense.io/earcomp/EarComp-
PreACM.pdf

[24

[25]

[26

[28

[29

[30

[31

[32

Trovato and Tobin, et al.

Roneel V. Sharan, Udantha R. Abeyratne, Vinayak Swarnkar, and Paul Porter. 2019.
Automatic Croup Diagnosis Using Cough Sound Recognition. IEEE Transactions
on Biomedical Engineering (2019). https://doi.org/10.1109/tbme.2018.2849502
Sung-Hwan Shin, Takeo Hashimoto, and Shigeko Hatano. 2009. Automatic
Detection System for Cough Sounds as a Symptom of Abnormal Health Condition.
IEEE Transactions on Information Technology in Biomedicine 13, 4 (2009), 486-493.
https://doi.org/10.1109/TITB.2008.923771

Aydin Teyhouee and Nathaniel D. Osgood. 2019. Cough Detection Using Hidden
Markov Models. SBP-BRiMS (2019). https://doi.org/10.1007/978-3-030-21741-
9.27

Korosh Vatanparvar, Ebrahim Nemati, Viswam Nathan, Mahbubur Rahman,
and Jilong Kuang. 2020. CoughMatch - Subject Verification Using Cough for
Personal Passive Health Monitoring. 2020 42nd Annual International Conference
of the IEEE Engineering in Medicine & Biology Society (EMBC) (2020). https:
//doi.org/10.1109/embc44109.2020.9176835

Stefan Vogel, Markus Hiilsbusch, Dietmar Starke, and Steffen Leonhardt. 2007.
In-ear heart rate monitoring using a micro-optic reflective sensor. Annual Inter-
national Conference of the IEEE Engineering in Medicine and Biology - Proceedings
(2007), 1375-1378. https://doi.org/10.1109/IEMBS.2007.4352554

Yuntao Wang, Xiyuxing Zhang, Jay M Chakalasiya, Xuhai Xu, Yu Jiang, Yuang
Li, Shwetak Patel, and Yuanchun Shi. 2022. HearCough: Enabling Continuous
Cough Event Detection on the Edge Computing Hearables. Methods (2022).
https://doi.org/10.1016/j.ymeth.2022.05.002

Matt Whitehill, Jake Garrison, Jake Garrison, and Shwetak N. Patel. 2020. Whosec-
ough: In-the-Wild Cougher Verification Using Multitask Learning. ICASSP 2020
- 2020 IEEE International Conference on Acoustics, Speech and Signal Processing
(ICASSP) (2020). https://doi.org/10.1109/icassp40776.2020.9053268

Anthony Windmon, Mona Minakshi, Pratool Bharti, Sriram Chellappan, Mar-
cia Johansson, Marcia Johansson, Bradlee A. Jenkins, and Ponrathi Athilingam.
2019. TussisWatch: A Smart-Phone System to Identify Cough Episodes as
Early Symptoms of Chronic Obstructive Pulmonary Disease and Congestive
Heart Failure. IEEE Journal of Biomedical and Health Informatics (2019). https:
//doi.org/10.1109/jbhi.2018.2872038

Xuhai Xu, Ebrahim Nemati, Korosh Vatanparvar, Viswam Nathan, Tousif Ahmed,
Mahbubur Rahman, Daniel Mccaffrey, Jilong Kuang, and ] U N Alex Gao. 2021.
Listen2Cough : Leveraging End-to-End Deep Learning Cough Detection Model to
Enhance Lung Health Assessment Using Passively Sensed Audio. Proceedings of
the ACM on Interactive, Mobile, Wearable and Ubiquitous Technologies 5, 1 (2021),
1-22.


https://doi.org/10.1109/icassp39728.2021.9414881
https://doi.org/10.1109/icassp39728.2021.9414881
https://doi.org/10.1088/1361-6579/ab299e
https://doi.org/10.1109/TBME.2017.2720463
https://doi.org/10.1109/TBME.2017.2720463
https://doi.org/10.1145/2994551.2994562
https://doi.org/10.7910/DVN/YDEPUT
https://www.alliedmarketresearch.com/hearables-market
https://www.alliedmarketresearch.com/hearables-market
http://www.esense.io/earcomp/EarComp-PreACM.pdf
http://www.esense.io/earcomp/EarComp-PreACM.pdf
https://doi.org/10.1109/tbme.2018.2849502
https://doi.org/10.1109/TITB.2008.923771
https://doi.org/10.1007/978-3-030-21741-9_27
https://doi.org/10.1007/978-3-030-21741-9_27
https://doi.org/10.1109/embc44109.2020.9176835
https://doi.org/10.1109/embc44109.2020.9176835
https://doi.org/10.1109/IEMBS.2007.4352554
https://doi.org/10.1016/j.ymeth.2022.05.002
https://doi.org/10.1109/icassp40776.2020.9053268
https://doi.org/10.1109/jbhi.2018.2872038
https://doi.org/10.1109/jbhi.2018.2872038

	Abstract
	1 Introduction
	2 Background and Related Works
	3 Method
	3.1 The Construction of Synchronous Audio and Motion Dataset
	3.2 EarCoughNet: An End-to-end Deep Learning Model For Subject Cough Detection

	4 Results and Discussions
	4.1 Baselines
	4.2 Evaluation Metrics
	4.3 Results and Findings

	5 Conclusion and Future Work
	Acknowledgments
	References

