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ABSTRACT

The exploration of our envisioned system, BreathEasy, offers the
alternative utilization of ambient acoustic sensing techniques to
promote user awareness and ensure healthy indoor environments.
There has been a renewed interest in providing optimal venti-
lation indoors after the pandemic. While increasing ventilation
at all times leads to high energy consumption, prior work uses
occupancy-based or air quality-based approaches to modulate ven-
tilation. However, risk assessment is very complex and requires
information about activities performed by occupants, space distri-
bution among occupants, and wearing of masks, on top of other
indoor environmental factors such as ventilation rate, air filtration,
and room dimensions. Here, we investigate the feasibility of using
acoustic sensing mechanisms to produce key parameters essential
for airborne transmission risk assessment of occupants in indoor
spaces.

CCS CONCEPTS

« Human-centered computing — Ubiquitous and mobile comput-
ing; « Hardware — Signal processing systems.
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1 INTRODUCTION

Breathing is essential for basic metabolic functions. The air we
breathe, primarily oxygen, carbon dioxide (CO2), and other aerosol
particles, can directly affect users’ physical health because of the
direct interaction between these air pollutants and blood circulat-
ing through the lungs. The recent COVID-19 pandemic exemplifies
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the adverse effects of breathing in unhealthy air simply from per-
forming everyday activities, especially when users are indoors. To
minimize the harmful effects of the pandemic, health organizations
around the world have emphasized guidelines to ensure optimal
ventilation indoors [7]. However, increasing ventilation or filtration
at all times can significantly increase HVAC energy consumption
[16]. Prior work suggests schedule-based [25], occupancy-based
[11], or CO3-based [19] modulation of ventilation to ensure healthy
air circulation while reducing energy consumption. While these
techniques effectively save energy, neither occupancy nor CO2 mea-
sures accurately indicate the risk of airborne transmission in indoor
spaces. Directly estimating the amount of aerosols generated by
human beings that potentially carry infectious diseases, requires
tracking the movements and activities across complex human be-
haviors, which requires overcoming fundamental challenges that
have long faced mobile computing.
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Figure 1: Conceptual visualization of an audio-based sensing
system for airborne transmission risk assessment.

The ability to estimate airborne transmission risk an occupant is
exposed to from being in an indoor space requires discriminating
multiple parameters such as the room size and layout, activities
that occupants are involved in, presence of occupants wearing a
mask, the distance between occupants, and ventilation rate [3].
Manoharan et al. algorithmically identifies the maximum allow-
able occupancy and corresponding occupant placement in office
space by jointly optimizing bio-safety and comfort [20]. As they
attempt to optimize occupant placement, the work assumes the
knowledge of many HVAC and environment parameters, including
the average value of quanta emission rates due to basic human
respiratory activities such as counting, whispering, speaking, and
breathing. In considering the average emission rate, assessment
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Figure 2: BreathEasy: Envisioned system pipeline, where the red boxes indicate key parameters the system can produce to
collectively estimate the risk of airborne transmission in indoor spaces.

can be inaccurate since not all occupants in the room may pose a
threat to emitting aerosols; this factor is highly dependent on the
activities that individual users perform (e.g., staying quiet should
not be assessed as risky, while loudly talking should). Kharvari et
al. proposes a risk estimation tool to identify the maximum number
of people occupying a building during the COVID-19 pandemic
[16]. However, this assessment relies on extracting the total HVAC
load manually and only considers the number of occupants as a
parameter for measuring risk exposure. The capabilities presented
in these works either assume the knowledge of critical HVAC pa-
rameters or determine a subset of the key parameters required for
making risk assessments. Thus, there remains a research gap in
continuously sensing multiple parameters (i.e., activities type and
locations, mask, room size and layout, ventilation rate) automati-
cally and continuously in tandem to accurately determine the risk
of airborne transmission.

To address this gap, our work investigates the development of
BreathEasy using acoustic sensing techniques to accurately predict
decision parameters crucial in determining the risk of airborne
transmission, as conceptually visualized in Figure 1. Our decision
to standardize the sensing modality to an audio source is from
considering the recent advancements and increased adoption of
smart speakers in common indoor settings such as homes and
offices. Further, acoustic sensing has been used for a myriad of
applications as microphones and speakers are ubiquitous, includ-
ing subject localization [8], vital signs monitoring [27], activity
detection [18], subject authentication [6, 29], and enhancing user
interfaces [14]. However, this technique has yet shown feasibility in
ensuring healthy indoor air environments. Specifically, our system
aims to achieve accurate prediction of multiple key parameters in
guiding proper ventilation and mobilizing healthy indoor air.

2 ENVISIONED AUDIO-SENSING SYSTEM

Our envisioned audio-sensing system is illustrated in Figure 2.
Specifically, BreathEasy employs two microphone array, each record-
ing samples at a 16 kHz sampling rate and having a built-in capa-
bility of direction-of-arrival (DoA) estimation algorithms. These
microphone arrays are connected using a Raspberry Pi 3B+. All
components of feature extraction and model prediction are done
locally on the edge.

Using audio as a sensing modality inherently presents practical
challenges related to privacy, primarily if this system is designed
for public space deployments. Our system adopts privacy-first as
its key design choice, where non-reconstructible audio features are
extracted on the edge for different processing capabilities. A small
set of these features will be used for the four key subcomponents,
namely, a) Ventilation Module, b) Activity Type Module, c) Activity
Localization Module, and d) Room size estimation and voice health
monitoring. To date, several subcomponents of this system have
seen successful accomplishments.

2.1 Ventilation Module

Our first subcomponent is named FlowSense. It is built with the
motivation to sense ventilation rate while empowering occupants
with this critical information to assist them in making informed de-
cisions about improving airflow for their surroundings [9]. Through
preliminary experiments, we determined that airflow sound from
vents resides at a low frequency, and its amplitude correlates with
the airflow rate. This key observation led us to develop FlowSense,
which is a two-step mechanism that utilizes a low-pass filter to
obtain low-frequency audio signals and employs machine learning
techniques to predict the state of an air vent—whether it is on or
off—and the flow rate through active vents. We used Modern de-
vices Rev.p airflow sensor [10] for collecting airflow ground truth
and a variety of off-the-shelf microphone sensors built in common
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smartphones. This work saw vital progress in realizing a larger
system because it overcame a significant challenge in preserving
user privacy by using audio signals to predict ventilation rate while
preserving user privacy.

Specifically, we use Silent Period detection to confine sensing.
That is, the system only analyzes audio signals when silent peri-
ods are detected (i.e., does not pick up on speech or other ambient
noises) to extract audio features. Further, we propose a novel post-
processing technique, Minimum Persistent Sensing (MPS), to reduce
interference from ambient noise, including ongoing human conver-
sation, office machines, and traffic noises. MPS relies on continuous
and constant airflow sound. At the same time, ambient noises are
transient and intermittent. Accordingly, the technique extracts the
lowest consistent predictions from a fixed number of predictions
to report the airflow rate.
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Figure 3: Airflow prediction with varying distances

As per Figure 3, a preliminary experiment on Smartphone (LG
Stylo 4) microphone data found high accuracy >90% for classifying
vent status (on or off) when a smartphone is within 2 meters dis-
tance. As expected, we found a decreasing trend in accuracy with
increase in distance between the smartphone’s microphone and
vent. The MSE of airflow prediction regression model show slight
inconsistencies between 1.17-2.72 MSE with increasing distance.
However, this MSE is very less and can provide a reasonable esti-
mate of airflow. The proposed algorithm, including the utility of
Silent Period detection and MPS, significantly improves the system
performance by 77% in ambient noise. In proposing FlowSense, we
recommend the placement of a microphone source to be within
1.5m away from the vent to predict the rate of airflow.

2.2 Activity Type Module

The second key subcomponent in our system pipeline is the ability
to predict aerosol accumulation from subjects in the room. Specif-
ically, prior studies [3] suggest that human respiratory activities
such as speaking, coughing, sneezing, and singing are the primary
contributors of aerosols produced by humans in indoor environ-
ments. Further, the amount of aerosol generation depends on “what
is said” and “how loud it is said” [4]. This foundational understand-
ing led us to extend our system implementation to detect everyday
human-respiratory activities, including determining whether sub-
jects are wearing masks. The presence of a subject wearing a mask
while performing a detected activity can significantly reduce the
amount of aerosol generation. As suggested by prior work, aerosol
deposition from humans can be reduced drastically, as much as
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90% for cough and 74% for speech [2]; thus, it is a vital factor in
determining the risk of airborne transmission.

In realizing this functionality, our work is currently investigating
the feasibility of detecting activity types using non-reconstructible
audio features while maintaining user privacy. The module begins
with extracting information from audio signals at the device layer,
thereby only collecting a small set of audio features. Accordingly,
these features are used as input to orchestrate different activity
binary classification models to detect multiple human respiratory-
typed activities that might co-occur.
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Figure 4: Activity classification Accuracy

We use training data from Google AudioSet [12] and label it
using the praatIO library. We use Gradient Boosting Classifiers
to train the activity detection models. As per Figure 4, our mod-
els achieved accuracies above 80% for classifying cough, speech,
sneeze, and sniffle by just using the privacy-preserving features.
The model outputs a list of activities (e.g., [talking, coughing, talk-
ing, sneezing]) without yet determining the presence of a mask
automatically.

Mask detection is a relatively complex problem, since sounds
produced by a person can vary with mask type. However, Nguyen
et al. found that high-frequency components of audio attenuate
when a mask is present [24]. This finding motivated our first steps of
exploring the possibility of detecting mask presence from discerning
masked audio versus non-masked audio.

2.3 Activity Localization Module

Another critical factor that impacts aerosol generation from hu-
mans is the loudness of the respiratory activity. For example, parti-
cle emission during normal human speech is positively correlated
with the loudness ranging from approximately 1 to 50 particles
per second (0.06 to 3 particles per cm®) for low to high amplitudes
[3]. The third component of an activity localization module is to
achieve two goals; the first is determining activity loudness, and
the second is to localize the source of aerosol in a confined space.
To localize the activity, we use DoA at two microphone arrays to
calculate the distance between the sensor and the activity source
(using trigonometric equations). We use this distance estimate to
compute the activity loudness at the source.

Similar to the aforementioned subcomponent, this module is a
work in progress where we explore the feasibility of detecting the
level/loudness of the activity by extrapolating the decibel level of
the activity to predict aerosol generated from humans performing
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common respiratory activities such as talking, coughing and sneez-
ing. Aerosol emission is significantly different from other groups
of air pollutants, such as dust, CO7, and VOCs, as it primarily influ-
ences airborne-transmitted virus spread.
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Figure 5: We developed a mobile application to alert users of
airflow rate in realtime.

Conclusively, the completed and ongoing efforts of these mod-
ules, as shown in Figure 5, can produce three key parameters that
will be vital for the implementation of our envisioned system; the
ventilation rate and aerosol generation by detecting occupants’
activity and influenced by activity loudness.

In what follows, we describe the future advancements we plan
to achieve.

2.4 Expanding the Potential of Acoustic Sensing

The advancements in acoustic sensing prove the immense poten-
tial of developing a wide range of applications. We believe our
envisioned system can be extended to sense even more parameters
essential in determining risk levels in indoor environments.

(1) Room Size and Layout Sensing: Room size plays a vital
role in indoor risk assessment [17]. Acoustic sensing has
previously been used for acoustic indoor space mapping
[26]. One way is by emitting a chirp signal and analyzing
the room impulse response (RIR) to estimate the location of
reflectors in the room. Our plan is to build on our current
implementation (as per Figure 2) of two microphone arrays
placed at a fixed distance apart. In doing so, we can use the
impulse responses captured by both microphones to estimate
the room size and layout.

(2) Occupant Distribution: The number of occupants and their
distribution in a room is critical in analyzing the risk of air-
borne transmission. For example, if people sitting close to
each other are participating in various high aerosol generat-
ing activities, it will lead to a high risk scenario. Detecting
occupant count and distribution is a very hard problem as
there are many potential corner cases. Prior work [13, 30]
explores the differences between voices of different people
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by using acoustic features like mel frequency cepstral co-
efficients (MFCC) to estimate occupancy. However, these
techniques are not accurate; for example, when people are
not talking or when they are talking simultaneously it isn’t
possible to correctly identify unique voices. We can com-
bine this approach with other indoor localization-based ap-
proaches to infer more accurate occupants’ distribution. We
can also explore information from ambient noises like de-
tecting door opening/closing and walking noise to improve
the occupancy estimation.

(3) Voice Health Monitoring: The proposed system can also
be extended to monitor the health of occupants using voice
features as a digital biomarker. There has been a rich lit-
erature on using voice features for continuous monitoring
of Parkinson’s disease [31], mental health [5], COVID-19
detection [21], and voice pathology detection [15], just to
name a few. We plan to implement the above capabilities
to enable continuous long-term monitoring of voice health,
complementing wearable health sensing.

(4) Risk Assessment: Ultimately, solving the automatic detec-
tion and estimation of airborne transmission as an indoor
risk to occupants is not a straightforward problem. It re-
quires knowledge of a wide range of parameters. For exam-
ple, Kharvari et al. [16] proposes a tool for COVID-19 risk
estimation by considering several factors while assuming
others. Broadly, it requires a prior information regarding
room size/layout, activities that occupants are involved in,
mask presence, the distance between occupants, and ventila-
tion/filtration parameters [3]. All these factors are crucial in
determining overall risk in indoor spaces. As discussed ear-
lier, we can sense these parameters using ambient acoustic
sensing, enabling us to estimate the risk of airborne trans-
mission. Depending on the estimated risk, we can provide
alerts to occupants, limit occupancy or exposure time, and/or
guide/modulate ventilation or filtration.
Personalized Sensing: A future direction includes minia-
turizing this capability to run on smartphones or wearable
devices where users can be alerted of the risk level they
are exposed to in the environment in real time. It is also
worth considering earables as a sensing modality since the
placement of the device is very close to a user’s mouth and
nasal cavities, creating an opportunity to obtain more precise
features that can improve the overall system accuracy. For
example, we can detect breathing rate [1] using wearable
devices, which is indicator of amount of aerosols inhaled by
the person.
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3 RESEARCH CHALLENGES

Enabling the diverse set of applications using solely audio-based
sensing requires addressing significant research challenges. We dis-
cuss the key design considerations and their associated challenges:

(1) Detection and Localization of simultaneous activities:
Detecting and localizing simultaneous activities is a chal-
lenging problem. We can use the techniques proposed by
Wang et al. [28] that use a geometric layout of microphones
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on the array to determine the unique relationship among
signals from the same source along the same arriving path.

(2) Mobility: Mobility is another significant challenge in esti-
mating occupants’ count or distribution. In a high-mobility
environment, tracking the location and number of occupants
using only ambient acoustic sensing becomes difficult; thus
requires the continuous exploration of more accurate lo-
calization techniques, including leveraging other sensing
modalities.

(3) Electronic noise: Ideally, the proposed system should not
detect activities like speech replayed from an electronic
speaker. To eliminate the electronic speaker voice, we can use
the state-of-the-art techniques proposed in Voice liveness
detection [22].

(4) Hardware heterogeneity: Different microphone hardware
can cause problems generalizing the system. Further, differ-
ent mobile devices employ different microphones, and their
non-linearities can lead to significant errors.

(5) Low audio activities: Since we are using ambient acoustic
sensing, it is difficult for the sensor to detect very low ampli-
tude activities that might be important for predicting aerosol
generation, such as a user’s heavy breathing. We can explore
radar-based approaches [23] for detecting these activities.

4 CONCLUSION

Our work investigates the possibility of developing BreathEasy,
an acoustic-based sensing system to provide users with critical
parameters informative of airborne transmission risks. Generally
speaking, a virus spread in such cases depends on the rate of pollu-
tants generated and the rate of contaminants dissipating. Beyond
existing indoor air quality systems measuring for pollutants such as
dust, VOCs, CO2, one group of pollutants that can harm occupants’
health is aerosol particles generated from everyday human respi-
ratory activities. In envisioning an audio-based system to predict
airborne transmission risk, the system will have to include key
subcomponents that can accurately determine activities performed
by occupants, space distribution among occupants, and wearing
of masks, on top of other indoor environmental factors such as
ventilation rate, air filtration, and room dimensions. To date, we
have successfully built the first subcomponent of predicting the
ventilation rate in a room using only audio features. Our work con-
tinues to investigate measuring different parameters representative
of aerosol generated by human activities and other dilution factors
relevant to this assessment. Through this paper, we discuss the
potential applications and research challenges of using acoustic
sensing for healthy indoor spaces.
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