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Recent years witness the proliferation of consumer devices such as smartphones, VR headsets

and smart speakers. While the speakers and microphones on those devices are a great

fit to localize and track motion over-the-air using sonar techniques, it is challenging to

reliably track motion with millimeter or even sub-millimeter resolution, which hinders their

applications.

My dissertation introduces algorithms and systems to achieve millimeter and sub-millimeter

acoustic tracking given the constraints of existing commodity devices. Towards this end, I

design, implement and evaluate three key innovations. I present the first smartspeaker sys-

tems that can contactlessly monitor respiration in real time on new-born infants as well as

individual heart beats in both healthy participants and cardiac patients with irregular heart

rhythms. I also design real-time signal processing algorithms that can track acoustic devices

with millimeter-level resolution. The technique can be applied in both VR/AR applications

as well as low-power tag localization. Finally, with the various capability to obtain the pre-

cise location of sound sources, we combine the efficiency of traditional signal processing and

the capacity of deep neural network to build the first wearable directional hearing system

with low latency and on-device computation.
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Chapter 1

INTRODUCTION

Recently, we witness a lot of novel interactive methods between us and everyday de-

vices. However, two most important scenarios - passive human tracking where our everyday

devices are able to unobtrusively sense our physical conditions, and active device tracking

where our devices are able to track the motion and location of each other - has been a long

standing challenge in the research community. The two capabilities are fundamental to a

lot of promising applications to achieve the next generation Internet of Things and wearable

computing, where ambient devices could implicitly assist our everyday lives.

Most off-the-shelf consumer devices such as smart phones, smart watches, smart speak-

ers and VR/AR headsets are all capable of playing and recording audio using speakers and

microphones. They pose unique opportunities to achieve the above two capabilities using

Sonar techniques without using additional expensive sensors such as laser or infrared cam-

eras. However, both physical limitations and hardware imperfections hinder the acoustic

tracking performance. Specifically, previously state-of-the-art acoustic tracking systems are

only designed for coarse-grained centimeter-level localization[159], motion tracking[174, 252],

or classification[103], and the precision and latency are both not adequate for a number of

promising applications such as vital sign monitoring and real-time high-accuracy device

tracking.

1.1 High-accuracy Acoustic Tracking and its Applications

My dissertation is focusing on the following key question: can we achieve millimeter and

even sub-millimeter level accuracy for acoustic tracking? Achieving such accuracy makes it

possible to sense tiny motion and vibrations such as respiration and even heart beats. It
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also enables applications that require high-accuracy and low-latency location tracking such

as VR/AR headset and controller tracking. Thanks to the convenience from the ubiquity

of acoustic components, those capabilities can be achieved by reusing our existing everyday

devices such as smart speakers and smart phones without purchasing additional proprietary

products.

Addressing the key question however is not trivial. Achieving sub-millimeter sensitivity

needs to overcome various challenges including but not limited to working around the phys-

ical resolution limits to combat multipath fading and interference, ambient noise reduction

without increasing the transmission power in an unrestrained manner which may raise health

concerns, and moreover, maintaining a reasonable algorithmic and computational latency to

support real-world applications.

My dissertation focuses on the design and implementation of the algorithms and systems

to achieve millimeter and sub-millimeter acoustic tracking on commodity devices. Specifi-

cally, we will describe the following contributions in detail.

1. We introduce the first contactless solutions that achieve motion, respiratory and heart

rhythm monitoring using commodity smart speakers by transforming the smart speaker

into a short-range active sonar system. First, our respiratory monitoring system is

designed for smart speakers to monitor an infant’s sleep using white noise. The key

underlying enabler is a set of novel algorithms that can extract the minute infant

breathing motion as well as position information from white noise which is random in

both the time and frequency domain. We present experiments with a life-like infant

simulator as well as a clinical study at the neonatal intensive care unit with five new-

born infants that demonstrates that the respiratory rate computed by our system

is highly correlated with the ground truth. Second, we present a proof-of-concept

system for acquiring individual heart beats using smart speakers in a fully contact-free

manner. We show that smart speakers are able to measure heart rate and inter-

beat intervals (R-R intervals) for both regular and irregular rhythms. The smart
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speaker emits inaudible ultrasound and receives echoes reflected from the human body

that encode sub-mm displacements due to heart beats. The clinical study with both

healthy participants and hospitalized cardiac patients shows high R-R interval accuracy

compared to electrocardiogram (ECG) data as ground truth.

2. We present MilliSonic, a novel interactive system that pushes the limits of acoustic

based device motion tracking. Our core contribution is a novel localization algorithm

that can provably achieve sub-millimeter 1D tracking accuracy in the presence of mul-

tipath, while using only a single beacon with a small 4-microphone array. Further, Mil-

liSonic enables concurrent tracking of up to four smartphones without reducing frame

rate or accuracy. Our evaluation shows that in VR/AR scenarios, MilliSonic achieves

0.7mm median 1D accuracy and a 2.6mm median 3D accuracy for smartphones, which

is 5x more accurate than previously state-of-the-art systems. MilliSonic enables two

previously infeasible interaction applications: a) 3D tracking of VR headsets using the

smartphone as a beacon and b) fine-grained 3D tracking for the Google Cardboard VR

system using a small microphone array. We further extend the MilliSonic techniques to

implement a wearable battery-powered tag which can be wirelessly accurately localized

using a 4-speaker array as beacon.

3. With the rising capabilities of selecting the sound source location of our interests,

we for the first time enable real-time directional hearing on a wearable device with

only 17.5 ms end-to-end latency using a combination of neural network and traditional

beamforming techniques. Despite end-to-end neural network based source separation

models achieve significantly better performance than traditional beamformers, they

fall short on low-latency causal inference on low-power devices. We found that us-

ing traditional beamformers as a feature extraction step could drastically reduce the

computational overhead without sacrificing separation performance. We additionally

design a neural network that is optimized for less memory copy overhead and better

inference efficiency on mobile CPUs.
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1.2 Organization

The rest chapters of the dissertation is organized as follows. Chapter 2 and 3 describes our

work on contactless respiratory and heart rate monitoring using smart speakers, respectively.

Chapter 4 describes the real-time algorithm to achieve millimeter-level 3D device motion

tracking and its applications. Chapter 5 presents the methods to achieve real-time low-

latency directional hearing using on-device deep learning with a known location of the sound

source of interest. Finally, we conclude the dissertation with the potential future research

directions in Chapter 6.
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Chapter 2

CONTACTLESS INFANT MONITORING USING WHITE
NOISE

2.1 Introduction

Sleep plays an integral role in human health and is vitally important for neurological de-

velopment in children, particularly infants [95, 219, 136]. Consumer sleep products that

monitor the vital signs of infants are increasingly popular with parents [29, 32]. Infant mon-

itors that track vital signs such as respiratory rates are frequently being used to monitor

children less than one year of age because of their susceptibility to rare and devastating sleep

anomalies [107]. The most frightening of these anomalies is Sudden Infant Death Syndrome

(SIDS). SIDS is defined as the sudden death of a child less than one year of age usually

occurring during sleep; it is the leading cause of death among children between one month

to one year old in developed countries [115] and respiratory failure is believed to be a part

of the final common pathway [202, 130].

A key problem with infant vital sign monitors, however, is their level of invasiveness.

Indeed, these devices use specifically designed sensors and wires that require contact with

the infant [32, 27, 35] or their sleep surface [31, 25]. A critical drawback of these contact-based

systems is that they have lead to severe complications including rashes, burns and, in rare

cases, death from strangulation [26]. Thus, a contactless means of monitoring breathing [259,

153] holds appeal as a safer and less invasive alternative.

In this paper, we ask the following question: can we enable contactless motion and respi-

ratory monitoring in infants using white noise? White noise is commonly used for sleeping

infants in order to increase their stimulus threshold, thus allowing for more uninterrupted

sleep [58]. Prior studies have shown that moderate amounts of white noise can be beneficial
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Figure 2.1: Infant monitoring at the Neonatal Intensive Care Unit (NICU) using smart

speakers.

to sleep [208, 165] and have no long-term ill effects on health or hearing [229]. As a result,

white noise machines are among the most popular devices to facilitate infant sleep.

A white noise machine that achieves contactless respiratory monitoring could improve

sleep quality as well as potentially identify important anomalies in infant breathing. In

addition to being contactless in nature, a single device such as a smart speaker (e.g., Amazon

Echo) that can integrate both these functions would help reduce the number of monitoring

devices as well as the associated cost, while improving sleep quality and potentially reducing

the risk of sleep anomalies.

We present BreathJunior, the first contactless system that uses white noise to achieve

motion and respiratory monitoring. We design algorithms built for smart speakers (e.g.,

Amazon Echo) that can monitor an infant’s sleep using white noise. At a high level, the

smart speaker emits white noise which gets reflected off the infant’s body; these reflections

arrive at the microphone array of the device which are then processed to extract the infant’s

body and minute chest motion. While prior active sonar systems use custom-designed signals
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(e.g., 18–20 kHz FMCW [173, 172]) to track breathing in adults, these frequencies are audible

to infants [160, 221], making them inappropriate for infant sleep monitoring. In contrast to

white noise, long-term exposure to sound at these high frequencies in infants may also cause

headache, nausea and temporary hearing loss [193, 110]. Thus, using white noise is an

appealing approach for infant monitoring.

Contactless infant monitoring using white noise is challenging for multiple reasons.

• White noise is by definition random in both the time and frequency domain. As a result,

it is challenging to embed or extract useful information from random white noise signals.

• The signal strength of the reflections corresponding to breathing motion is proportional

to the surface area of the chest. Infants not only have a much smaller torso but their chest

displacement due to breathing is also much smaller compared to adults. Further, infants

require a higher sampling rate as they breathe at a much higher rate (20-60 breaths per

minute) compared to adults (12-20 breaths per minute).

• Finally, the white noise signal intensity should be low to minimize the risk of exceeding

safe noise levels, yet at the same time the echoes still need to be detected reliably. In

particular, while prior work transmits FMCW signals at 90 dB(A) [173], research has shown

noise exposure level exceeding 75 dB(A) can cause sleep disturbance in infants [188, 89].

BreathJunior addresses the above challenges by making two key technical contributions.

First, we design an acoustic receive beamforming algorithm that amplifies the minute reflec-

tions from the infant’s chest by computing its direction with respect to the microphone array

at the smart speaker. Our algorithm efficiently computes the infant’s direction amongst N

different angles using only O(logN) iterations (see 2.2.2).

We then localize the infant and track their breathing motion from the white noise reflec-

tions. To do this, we introduce a novel technique that transforms white noise into multiple

FMCW signals at the receiver. Specifically, we prove that we can transform the received

white noise reflections into N concurrent FMCW chirps, which are orthogonal in the fre-

quency domain, while preserving the multi-path reflection information with negligible SNR



8

loss (see 2.2.2). We demodulate these orthogonal FMCW chirps and decode the minute

respiration motion and compute their distance from the smart speaker, by combining the

phase information across the N FMCW chirps. We show that this method of combining

phase across these N orthogonal FMCW chirps further increases the signal strength of the

minute reflections from the infant.

We prototype our system using an off-the-shelf seven-microphone array which has an

identical microphone layout and sensitivity to Amazon Echo Dot[24], but can output raw

recorded signals. We first use SimNewB infant simulator [33] to systematically evaluate

BreathJunior in various scenarios. SimNewB, co-created by the American Academy of Pe-

diatrics, mimics the physiology of newborn infants, retails for around $25,000 and allows us

to set the breathing rate as well as move various parts of the body. Our results show the

following:

• Using 59 dB(A) white noise, our system estimates the breathing frequency within 95%

and 90% of the baseline at distances of 0.5 m and 0.7 m respectively from the infant. These

accuracies remain unaffected by clothing and for different orientations of the smart speaker.

• We can detect apnea (cessation of breathing for more than 15 seconds) with high accuracy.

We can also detect body motion including arm or leg movements with a sensitivity and

specificity of 95% and 100%.

Finally, we conduct a clinical study at a Neonatal Intensive Care Unit (NICU). We choose

this environment because the infants are all connected to wired, hospital-grade respiratory

monitors providing ground truth while they sleep. We recruited five infants, with consent

from their parents, over the course of a month; recruitment is slow and difficult, given the

state of the infants who are admitted to the NICU. We performed a total of seven sessions

over a total duration of 280 minutes. Our study shows the following:

• The infants have the breathing rate between 35-65 breaths per minute (BPM) and in some

rare instance as high as 70 BPM. The respiratory rate computed by BreathJunior is highly

correlated with the baseline system, with an interclass correlation (ICC) of 0.938.
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• Using the thresholds from the neonatal simulator experiments, we can identify the arm

and leg movements as well as crying accurately with infants in the NICU.

Contributions. To summarize, the goal of our work is to provide a safe and accessible

way to monitor infant respiration at home using commodity smartspeaker hardware. To this

end, this paper makes four key contributions: (1) We introduce the first contactless system

that uses white noise to achieve motion and respiratory monitoring. Using this we designed

the first active sonar system that can track breathing in infants, (2) we design algorithms

to extract the motion information as well as track the infant distance from random white

noise signals. We also present algorithms that use the microphone array to beamform in

the direction of the infant to extract the weak breathing signals, that are otherwise not

detectable, (3) we evaluate our design using a hardware prototype and systematically evaluate

it with the SimNewB infant simulator to understand the various tradeoffs, and (4) we perform

a clinical study at the neonatal intensive care unit of a large medical center to demonstrate

the feasibility of using our system to accurately track breathing and other movements using

white noise in new-born infants.

2.2 BreathJunior

Fig. 2.2 shows the architecture of our system. The speaker transmits pseudo-randomly gener-

ated Gaussian white noise that gets reflected off the infant body and received by the circular

microphone array. Our algorithms process the signals from all the seven microphones to

increase the signal strength of the minute reflections from the infant’s chest using receive

beamforming algorithms. We then transform the received pseudo-random white noise re-

flections into five concurrent FMCW chirps, at the receiver, while preserving the multi-path

reflection information. We then demodulate these chirps and decode the minute respiration

motion by combining the information across the five chirps. To support beamforming and

respiration detection, our algorithms also localize the position of the infant. Finally, using

the received signals, our algorithms can also monitor body motion as well as detect audible

baby sounds like crying using interference cancellation techniques.



10

Infant Monitoring

Smart Speaker
White Noise
Generation

Synchronization

Beamforming 

Respiration
Monitoring

Motion
Detection

Cry 
Detection 

White Noise
Transformation

Infant Localization

Distance 
Search

Beamforming 
Search 

Figure 2.2: Different components in BreathJunior.

In the rest of this section, we first describe white noise generation at the speaker and

then explain different components in our receiver algorithm.

2.2.1 White Noise Generation at Speaker

At the transmitter, we generate deterministic white noise using pseudo-random sequences

with a known seed, such that it has a flat frequency response. To do this, we encode an

impulse signal by shifting the phases of each of its frequency components by a random real

sequence uniformly distributed in [0, 2π].

The generated signal follows Gaussian white noise for two reasons. First, an impulse

signal is flat in the frequency domain, and randomly changing the phase does not affect this.

Second, the pseudo-random phase, denoted by φf , is independent and uniformly distributed

in [0, 2π]. From the central limit theorem, suppose our sampling rate is r, and each time-

domain sample, 1√
r/2

∑r/2
f=1 exp(−j(2πft + φf )), follows a normal distribution with a zero

mean and constant variance when r is large enough, making it white noise.

In practice, we generate the signal as a stream of blocks, each of which has a constant

duration. A long duration ensures that we can increase the SNR of the received signal

using correlation but would limit the ability to monitor high breathing rates. We use a
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duration of T = 0.2s and a sampling rate of 48000Hz; so, our frequency range is 1Hz to

fmax = 24000Hz. We use a Mersenne Twister pseudo-random generator [162] to generate

fmaxT different phase offsets for each block, and perform IDFT to convert it back into the

time-domain, which is then played through the speaker:

S(t) =

fmaxT∑
f=1

e−j(2πf
t
T

+φf ) (2.1)

where φf is the pseudo-randomly generated phase. We note that the same phase is added

to the i and fmaxT − i frequencies so the IDFT results in a real signal.

2.2.2 Decoding Breathing at Microphone Array

Block-level Synchronization

The first step is to estimate the beginning of each transmitted white noise block as received

by the microphone array. To do this, we re-generate the transmitted block using the same

seed, at the receiver side. We then perform cross-correlation between the received signal

using the center microphone in the array and the re-generated transmitted block. We then

identify the peak in the cross-correlation result which corresponds to the direct path from

the speaker to the microphone. We use the location of this peak as the start of the first

block in the received signal. We need to synchronize once at the beginning as the speaker

and all microphones share the same sampling clock.

Note that, we cannot extract respiration from cross correlation, because the sub-millimeter

chest motion is much smaller than the granularity of a sample. Instead, we transform the

pseudo-random white noise into FMCW signals at the receiver so that we can decode and

extract the fine-grained multipath profile using FFT efficiently.

Transforming White Noise into Multi-FMCW

We describe how to transform the received white noise signal into a FMCW chirp. We then

explain how to extract breathing motion from the FMCW chirp. Finally, we explain how to
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Figure 2.3: The similarity of the frequency domain between white noise and FMCW signals.

improve the SNR by transforming white noise into multiple concurrent FMCW chirps.

Transforming white noise to FMCW chirp. A key step in our receiver algorithm is

that we can remove the randomness of the white noise by transforming it into FMCW chirps

that can be efficiently decoded to track tiny motions, without losing information about the

reflections. In other words, although the speaker transmitted white noise and the reflections

from the infant motion correspond to white noise, we can transform the received signal to

look like FMCW chirps played through the speaker and reflected off the infants body, rather

than white noise.

Our intuition is that in the frequency-domain a FMCW chirp is approximately flat, as

shown in Fig. 2.3. Further, within the FMCW frequency range, the transmitted white noise

is also flat. Hence, we can in principle transform white noise in the desired frequency range

into an FMCW chirp by shifting the phase of each frequency component of the received

signal.

Specifically, consider we want to transform the received white noise block of duration T ,

within frequencies between f0 to f0 + F , into an FMCW chirp. We first generate a FMCW

chirp template of that duration, fmcw(t) = exp(−j2π(f0t+
F
2T
t2)). We then perform a DFT

on this time window to get,

FMCW (f) = Cαfe
−jψf (2.2)

where C is a constant and αf ≈ 1. This gives us the phases ψf of each of its frequency



13

components within [f0T, (f0 + F )T ]. Since we also know the exact phases φf we used in the

transmitted white noise block in Eq. 2.1, we can correct the phase of each frequency in the

received white noise signal by φf−ψf , within [f0T, (f0 +F )T ] to transform it into an FMCW

chirp.

We mathematically show that this transform preserves the multi-path reflection informa-

tion. In particular, in the presence of multiple paths, the received signal within the frequency

range [f0T, (f0 +F )T ] can be written as, w(t) =
∑

p∈pathsAp
∑(f0+F )T

f=f0T
e−j(2πf

t−tp
T

+φf ), where

Ap and tp are the attenuation factor and time-of-arrival of path p. Performing a DFT on

w(t) gives us, W (f) =
∑

p∈pathsApe
−2π

tp
T
f+φf = A′fe

−jΦf . Our proposed phase transforma-

tion changes the phase of each frequency as follows, Φ̂f = Φf − φf + ψf . We prove that

this converts the white noise into a FMCW chirp without losing multipath information as

follows:

ŵ(t) =

(f0+F )T∑
f=f0T

∑
p∈paths

Ape
−j(2πf t−tp

T
+φf )e−j(−φf+ψf )

=

(f0+F )T∑
f=f0T

∑
p∈paths

Ape
−j(2πf t−tp

T
+ψf )

=
∑

p∈paths

Ap

(f0+F )T∑
f=f0T

e−j(2πf
t−tp
T

+ψf )

≈ 1

C

∑
p∈paths

Apfmcw(t− tp)

The final approximation is because αf ≈ 1 in Eq. 2.2. Hence, the multipath reflections from

the environment and the infant body in the received white noise signal are preserved after

transformed into FMCW chirps. Note that this approximation introduces an SNR loss of

around 0.05dB and a constant phase bias that does not affect the monitoring result.

Extracting breathing signal from FMCW. After the signal is transformed to a

FMCW chirp, we can perform traditional FMCW demodulation to extract the breathing
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signal. To do this, we first multiply the received FMCW chirp by a downchirp signal,

e−j2π(−f0t− F
2T
t2)

∑
p∈paths

e−j2π(f0(t−tp)+ F
2T

(t−tp)2)

=
∑

p∈paths

e−j2π(F
T
tpt+f0tp− F

2T
t2p) (2.3)

Next we perform an FFT on this signal, where each frequency bin corresponds to reflections

at different distances. While this can be used to separate reflections from other environmental

sources from that of the infant, it cannot be used to extract the minute breathing motion

which has a resolution of a few millimeters (this is because of the resolution we get from

Eq. 2.3 is limited by the bandwidth). However, the phase of each frequency component of the

demodulated signal is also a function of distance. Specifically, from Eq. 2.3, the phase of the

FFT bin corresponding to the time-of-arrival tp is f0tp − F
2T
t2p. In other words, a tiny 1mm

displacement will result in a significant 0.185 radian phase difference when f0 = 10000Hz.

Hence, we can track tiny motion even if it is much less than the theoretical FMCW resolution

limit which is proportional to c
2B

.

Thus, if we knew the round-trip distance d between the infant and the microphone array

(we will discuss this distance estimation in 2.2.2), the FFT bin corresponding to this distance

is fresp = d∗F
c∗T , where c is the speed of sound. We extract the breathing signal by tracking the

phase ϕi in this frequency bin for each ith demodulated chirp. Note that this phase sequence

is confined to [−π, π], causing sharp transitions from π to −π or vice versa. To address this,

we can simply compensate for the 2π phase shift by adding or subtracting a 2π when there

is a more than π change between adjacent phase measurements.

Improving SNR with multi-FMCW chirps. One approach is to transform white

noise into a single large FMCW chirp that spans the whole frequency range of the white

noise transmission. A large band FMCW chirp has better spatial resolution because of more

fine-grained frequency bins after demodulation and DFT. However, even when using the

whole 24kHz band, the resolution is limited to 1.4cm, which is still much larger than the

movement of the chest of an infant. On the other side, each FFT bin has less information
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Figure 2.4: Transforming white noise to multi-FMCW chirps at the receiver.

and thus less SNR, making extracting respiration events difficult.

Instead of transforming the whole band into a single FMCW chirp, we split the band

between 6 kHz to 21 kHz into five sub-bands, which are then transformed into five concur-

rent FMCW chirps independently. Chirp i has a starting frequency f0 = 3000 + 3000i Hz

and bandwidth F = 3000 Hz. We get rid of those below 6kHz because of environmental

noise, and those above 21 kHz because of low sensitivity. The spectrogram before and after

transformation is shown in Fig. 2.4.

By doing this, we trade-off resolution for SNR because each transformed chirp has less

bandwidth. However, the same frequency bin of each of the five demodulated chirps corre-

sponds to a same time-of-arrival (see Equation 2.3). Hence, we can fuse the five phases of

each FFT bin from each demodulated chirp to improve SNR.

Recall from Eq. 2.3 that the phase of a FFT bin corresponding to the same time-of-arrival

is linear to the beginning frequency of the FMCW chirp. Hence, we average the ϕ across the

five FMCW chirps as

ϕ(avg) =

∑5
i=1 ϕ

(i)/(3000 + 3000i)∑5
i=1 1/(3000 + 3000i)

(2.4)

where ϕ(i) is the phase at the frequency bin corresponding to the respiration signal, fresp, of

the ith demodulated chirp. We use this phase value to extract the minute breathing motion

with sufficient SNR.
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Respiration, Motion and Cry Monitoring

From this phase data, we can extract minute breathing as well as coarse infant motion

information.

• Respiration rate monitoring. We apply a finite impulse response (FIR) filter onto the

phase sequence with a pass-band of [0.4Hz, 1.1Hz]. This corresponds to the normal range

of an infant’s respiration rate. We count the number of zero-crosses for the filtered signal

and divide it by two to compute breathing rate.

• Apnea detection. To detect apnea which is a prolonged pause (more than 15 seconds) of

the respiration, we first record the average amplitude A of the filtered phase signal during

the initial one-minute localization duration. When a duration of 15 seconds has an average

amplitude less than βA where β is a constant, we classify it as an apnea event. We empirically

choose β using the infant simulator.

• Motion detection. The signal change due to movements of legs and hands is much larger

than the movement from respiration. Fig. 2.5 shows the phase changes in the presence of

body motion. The plot shows that because reflections from coarse body motion have more

energy, we see a large variance in the phase information. Thus, if the total variance within

the last N phases exceeds a threshold, we classify it as body motion. We empirically choose

the threshold using the simulator. Note that because the positions of legs and hands are

not far from the chest, their movement leads to interference to the respiration signals. As a

result, the system does not monitor respiration during motion periods.

• Crying and sound detection. Ideally, we would like to detect crying and other sounds

from the infant in the presence of the white noise. We note that infant crying sounds

are typically loud in comparison to the white noise signal generated by our smart speaker.

We can further improve sound detection by calculating the difference between two adjacent

chirps across time. Any sound from the infant will superimpose onto the white noise. The

transformation procedure, while transforming white noise into chirps, will transform crying

and other sounds into noise signals. Hence, two adjacent chirps will be different, especially at
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Figure 2.5: Phase changes resulting from body movements is significantly higher than from

breathing.

low frequencies. We calculate the L2 norm of the difference between two adjacent transformed

chirps, p(Si−1, Si) = ||Si−1 − Si||22. If the value exceeds a threshold, and it occurs frequently

within a short time period, the system would classify it as infant sounds. Note that most

of the sound from other people in the environment are reduced in amplitude due to the

beamforming process described next.

Infant Localization and Beamforming

The above discussion assumes that we know the distance of the infant relative to the smart

speaker and hence know the frequency bin, fresp, corresponding to the breathing motion. In

this section, we first describe how to localize the infants and identify their distance from the

smartspeaker. We then explain how we perform receive beamforming on the microphone

array to increase the SNR of the breathing reflections.

Initial Distance computation. After computing an FFT on the FMCW chirps, we

find the most likely FFT bin that corresponds to respiratory motion. To this end, we store

the complex value of each FFT bin, f of the demodulated chirp, Hi. For each FFT bin f , we

perform another FFT over the complex values across all the chirps within the first minute

of tracking. We then calculate the SNRresp for each bin f , defined as the energy within

[0.4Hz, 1Hz] (corresponding to breathing rates of 20-60 breaths/min) divided by the energy

above 1 Hz. This SNR is a good indicator of the quality of the respiration signal in FFT bin
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f . We select the lowest frequency bin (i.e., nearest to the microphone array), that has a peak

SNR comparable with its neighboring frequency bins. We denote this frequency bin as fresp.

The round-trip distance between the infant and the smart speaker can then be estimated as

frespTc

F
from Eq. 2.3. For example, Fig. 2.6 shows the FFT of Hf on different bins, f , in one

of our experiments. We see that FFT bin f = 16Hz has the peak SNR with more energy

within [0.4Hz, 1Hz]. This bin corresponds to the distance from the infant. Note that at this

stage, we could not yet use the accurate phase-based algorithm from 2.2.2, as it assumes

that the distance to the infant is known. Further, we have not yet performed beamforming

to increase the SNR of the infant reflections.

Receive Beamforming algorithm. Now that we have an initial estimate of the dis-

tance, we design a receiver-side beamforming algorithm to suppress other static reflections

and increase the SNR of the weak reflections from the infant. At a high level, the signals cap-

tured by the seven microphones on the array are added together using the appropriate delays.

Suppose we know the angle α of the infant relative to the smart speaker, the delays ∆i could

be calculated based on the angle, α, as, ∆i = ||Pi − P0||sin(α), where Pi is the location of

the ith microphone. We can then calculate the beamforming signal R(t) =
∑7

i=1Ri(t−∆i),

where Ri(t) is the sample at time t received on microphone i.

So the key question is: how do we find the angle of the infant with respect to the micro-

phone array? A näıve solution is to exhaustively search over all the possible angles to find the

best angle that maximizes the signal strength of the respiratory signal. This however is com-
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Figure 2.7: The progressive ternary search algorithm for beamforming search. Green area is

the search scope.

putationally expensive. Instead, we utilize the wide-band nature of white noise, and design

a multi-step beamforming method based on a ternary-search algorithm that progressively

reduces both the search range as well as beam width to compute the infant’s direction.

We leverage the following property of acoustic beam widths: a signal transmitted from

a microphone array at a frequency f has a beam width proportional to sin−1C
f

, where C is

a constant [96]. Said differently, at the higher acoustic frequencies, a narrower beam width

is achieved while beamforming. As a result, we can design a divide and conquer algorithm

that starts at the lower frequencies, eliminates directions for the infant and use the higher

frequencies to increase the beam resolution and narrow in on the direction of the infant.

Following the above intuitions, we go through the five multi-FMCW chirps from 6kHz

to 21kHz ordered from low to high frequencies. For each FMCW chirp, we maintain an

angle scope, [γl, γr], which we initialize to [−π/2, π/2] for the first FMCW chirp. For the

ith FMCW chirp (i = 1 · · · 5), we sequentially set the beamforming angle α to two values of

α1 = (2γl+γr)/3 and α2 = (γl+2γr)/3. At each of these two beamforming angles, we use the

method in 2.2.2 to transform beamformed white noise into the demodulated FMCW signal.

We then estimate the distance of the infant using the algorithm in 2.2.2 and calculate the
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SNR of the respiratory signal, as defined earlier, for the two angles, SNR(α1) and SNR(α2).

If SNR(α1) < SNR(α2), we narrow down the search scope to [α1, γr]; otherwise, we narrow

down the angle search scope to [γl, α2]. We then move to the higher frequency FMCW

chirp and do the above processing again, until we reach the highest FMCW chirp, where

we finalize α to be the middle of the search scope. The five steps of the above algorithm

are illustrated in Fig. 2.7. This adaptive beamforming method drastically increases the SNR

and the operational range by up to 2x (see 2.3).

Computational complexity. In comparison to an exhaustive search over N angles, the

above ternary-search algorithm reduces the complexity to O(logN). Further, this beamform-

ing angle search and distance estimation is only done once at the beginning of the tracking

process to compute the distance and angle of the infant with respect to the device. We use

this distance and angle for the duration of infant monitoring. If we lose the breathing or

motion signal for more than 30 seconds, we re-initiate the search process to find the new

distance/angle of the infant. If neither the breathing nor the motion signal is found after

the search, we can raise an alarm to the caregiver.

Addressing Practical Issues

Finally, we describe in detail the practical issues we addressed in our system.

• Combating inter-block interference. One problem when we generate white noise in

blocks is the interference between adjacent blocks. Specifically, the latter parts of the echoes

of the previous block can be superimposed over the beginning of the current block. Because

each block is encoded using different random seeds, these inter-block interference signals

are transformed into noise and can reduce sensitivity. To address this issue, for each block,

we introduce a guard interval at the beginning of each block consisting of a cyclic prefix.

This is similar to the cyclic prefix used in OFDM transmissions. Specifically, for each white

noise block, we insert a guard interval at the beginning of each block, consisting of the last

g samples of that block. g is picked to be larger than the maximum possible propagation
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duration. In our test, a duration of 0.1s is found to be sufficient. To maximize randomness,

the duration is also randomly selected between 0.1s and 0.15s, known to both the transmitter

and receiver.

• Adaptive sub-band weighting. Empirically, the frequency response across a large band

can change because of the propagation properties, hardware imperfections and environmental

noise. Specifically, lower frequencies attenuate slower than higher frequencies [131]. Further,

our microphone array has a 5 − 10dB dip around 12kHz. Finally, the environmental noise

is larger at lower frequencies. To account for these effects, we assign different weights to

different frequencies. Specifically, we use the SNRresp of each sub-band, described in 2.2.2,

as the weights to each of the five chirps in our multi-FMCW signal. Now, instead of giving

equal weights to each of the five FMCW chirps, we modify Eq. 2.4 to compute a weighted

average, ϕ
(fused)
f =

∑5
i=1 wiϕ

(i)
f /(3000+3000i)∑5

i−1 wi/(3000+3000i)
, where wi is the respiratory signal SNR for the ith

FMCW chirp.

• Adaptive speaker volume adjustment. A problem with existing white noise machines

is that the volume of their speaker cannot be adjusted with different distances to the infant.

A fixed volume is challenging because the sound pressure could be either too high if the

infant is close to the speaker or too low to be effective at larger distances. To address

this, we adjust the speaker volume to be dependent on the distance from the smart speaker

and the infant. Specifically, we use the distance estimate in 2.2.2 to adjust the white noise

volume. To do this, we empirically found that the attenuation was 5.5dB when the distance

from the infant doubles. A user can set a preferred at-ear volume (e.g., 56dB). During

monitoring, BreathJunior adaptively re-adjusts the volume using the estimated distance and

the corresponding attenuation values.

2.3 Evaluation

We implement BreathJuniorusing a smart speaker prototype, built with a MiniDSP UMA-

8-SP USB microphone array [37], which is equipped with 7 Knowles SPH1668LM4H micro-
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phones. They are of identical layout as well as sensitivity as an Amazon Echo Dot [24]. We

connect it to an external speaker (PUI AS07104PO-R), and 3D-printed a plastic case that

holds the microphone array and speaker together. The microphone array is connected to a

Surface Pro laptop. We play dynamically generated pseudo-random white noise and record

the 7-channel recordings, using XT-Audio library [38]. We capture the acoustic signals at a

sampling rate of 48kHz and 24 bits per sample.

Next, we evaluate the effectiveness and accuracy of BreathJunior. We first conduct ex-

tensive experiments with a tetherless newborn simulator. The simulator, designed to train

physicians on neonatal resuscitation, mimics the physiology of newborn infants. We system-

atically evaluate the effect of different parameters, including recording position, orientation

and distances, at-ear sound pressure level, interference from other people, respiration strength

and rate. We then recruit five infants at a Neonatal Intensive Care Unit (NICU) and conduct

a clinical study to verify the validity of our system on monitoring respiration, motion and

crying.

2.3.1 Neonatal simulator experiments

Because of the experimental difficulty and potential ethical problem of placing a wired ground

truth monitor on a healthy sleeping infant, we first use an infant simulator (SimNewB®,

Laerdal, Stavanger, Norway [33]), co-created by the American Academy of Pediatrics, that

mimics the physiology of newborn infants. SimNewB is a tetherless newborn simulator

designed to help train physicians on neonatal resuscitation and is focused on the physiological

response in the first 10 minutes of life. It comes with an anatomically realistic airway and

supports various breathing features including bilateral and unilateral chest rise and fall,

normal and abnormal breath sounds, spontaneous breathing, anterior lung sounds, unilateral

breath sounds and oxygen saturation. These life-like simulator mannequins, which retail

more than $25,000, are used to train medical personnel on identifying vital sign abnormalities

in infants, including respiratory anomalies. SimNewB is operated and controlled by SimPad

PLUS, which is a wireless tablet. We are able to control various parameters of the simulator
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Figure 2.8: Setup with a neonatal simulator.

including a) respiration rate and intensity; b) limb motion; and c) sound generation. We use

this to evaluate different aspects of BreathJunior’s performance.

Specifically, we perform experiments in the simulator lab at the University of Washington

medical school where we put the infant simulator in a 26 inch x 32 inch bassonette by one of

the walls shown in Fig. 2.8. We put the smart speaker prototype on a stand that can adjust

the orientation, and put the stand on a table which can adjust its position around the crib.

We set its height to 10 cm above the simulator so that the rails of the bassonette will not

obstruct the path between the prototype and the simulator.

Effect of distance, orientation and position We evaluate the effect of the smart speaker

distance, orientation and position on the breathing rate accuracy.

Effect of the smart speaker position. We first measure the effect of the smart speaker

position with respect to the infant on breathing rate accuracy. To do this, we place the

smart speaker hardware in four different positions around the bassonette: left, right, front

and rear. This effectively evaluates the effect of placing the smart speaker at different sides

of a crib. We place the smart speaker at different distances from the chest of the infant,

from 30 cm to 60 cm. At each of the distances, we set the infant simulator to breathe at
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Figure 2.9: Respiration rate accuracy with different placement locations of the microphone

array at 56 dB(A). Error bars represent the min-max interval.

a breathing rate of 40 breaths per minute, which is right in the middle of the expected

breathing rate for infants. As the default, we set the sound pressure to be 56 dB at the

infant’s ear. The smart speaker transmits the white noise signal and we record the acoustic

signals for one minute, which we then use to compute the breathing rate. We repeat this

experiment ten times.

Fig. 2.9 plots the results of these experiments. The plots show the following key trends:

First, the average computed respiratory rate across the distances up to 60 cm is around 40

breaths per minute, which is the configured breathing rate of the infant simulator (shown

by the dotted line). Second, the position of the smart speaker does not significantly affect

the breathing error rate. The only exception is when the smart speaker is placed at the

rear, where we have slightly higher variance in the measured breathing rate. This is because

there is more obstruction from the abdomen and legs. Finally, as expected, the variance in

the measured breathing rate increases with distance. Specifically, the mean absolute error

is around 3 breaths per minute when the smart speaker is at a distance of 60 cm, compared

to 0.4 breaths per minute at a distance of 40 cm. This is because the reflections from the

infant’s breathing motion attenuate with distance.

Effect of smart speaker orientation. Next, we run experiments with three different smart

speaker orientations. This allows us to evaluate the effectiveness of beamforming as a function
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of the smart speaker angle. We set the breathing rate of the simulator to 40 BPM and vary

the distance of the smart speaker from the infant’s chest. We also set the at-ear sound

pressure to 56 dB. Fig. 2.10 shows the detected respiration rates using the three orientations

as a function of distance, where 0◦ is when the microphone array faces the simulator and 90◦

is when the microphone array faces the ceiling. The plots show that there is no significant

difference in the respiratory rate variance across the three orientations. This is because the

microphone array is designed to be omni-directional to detect sound across all angles.

Effect of volume, respiration rate & intensity. Next, we evaluate the effect of sound

volume, respiration rate and intensity on breathing rate accuracy.

Effect of sound volume. The higher the sound volume from the smart speaker, the better

the reflections from the infant breathing motion. However, our target is to keep the white

noise volume to be under 60 dB at-ear to be conservatively safe. Here, we evaluate the effect

of different at-ear white noise volumes. Specifically, we change the white-noise volume to

be between 50-59 dB(A). As before we change the distance between the smart speaker and

the infant simulator between 30-70 cm and measure the breathing rate using the white noise

reflections at each of these volume levels. The smart speaker is placed at the left and 0° with

respect to the infant. As before, we repeat the experiment ten times to compute the mean

and variance in the estimated breathing rate while the simulator is set to a breathing rate

of 40 breaths per minute.

Fig. 2.11 shows the results for these experiments. The plots show that when the at-

ear sound volume is around 56 dB(A), we achieve low variance in the breathing rate up

to distances of 50 cm. When we increase the white noise volume at the infant by 3 dB to

59 dB(A), the breathing rate can be estimated with low variance from a distance of up to

70 cm. This is expected since the reflections from the breathing motion are stronger when

the white noise volume is higher.

Effect of respiration rate and intensity. Next, we evaluate the accuracy of the system

with varying respiration rates as well as the intensity of each breath. For a typical infant less
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Figure 2.10: Respiration rate accuracy with different angles of the microphone array at 56

dB(A).
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Figure 2.11: Accuracy of computing respiratory rate with different at-ear sound pressures.

than one year old, the respiration rate is less than 60 breaths per minute. So, we evaluate

the accuracy by varying the breathing rate of the infant simulator between 20-60 breaths

per minute. To verify the robustness, we also change the intensity of each breath on the

simulator to two different settings: normal and weak. The weak intensity is triggered by

a simulated respiratory distress syndrome (RDS), an ailment that can be experienced by

infants and particularly those born prematurely. We set the distance of the infant simulator

from the smart speaker to 40 cm and the speaker is placed at the left and at 0°.

Fig. 2.12 shows the results of these experiments with the smart speaker-computed breath-

ing rate as a function of the simulator breathing setting. We also note the results for the two

intensity settings. The plots show that we see higher variance in the computed breathing
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Figure 2.12: Accuracy w.r.t. breathing intensity.

rate as we increase the breathing rate. This is because, as the breathing rate increases, we

see more changes within the received signal, which requires higher sampling rates to get the

same error resolution. In our implementation, we set the block of each white noise signal

to 0.2 s. Thus, as the breathing rate increases, we see less blocks per each breath, which

effectively reduces the number of samples per breath, which in turn introduces more errors.

As expected, we also see more variance in weak breath situations associated with respiratory

distress syndrome. This is because lower intensity results in smaller phase change, resulting

in a lower SNR.

Effect of clothes and interference Finally, we evaluate the effect of blankets and other

interfering motion and environmental noise in the environment.

Effect of clothes. We use a typical infant one-piece sleep sack made of cotton which is

provided with the simulator to help trainees learn the correct method for putting on this

garment that helps swaddle the baby. We repeat the experiments with and without the sleep

sack. We run experiments by placing the smart speaker to the left of the infant simulator

and at an angle of 0o, while setting the simulator to breathe at a rate of 40 breaths per

minute. We change the distance between the simulator and the smart speaker and compute

the breathing rate. Fig. 2.13a shows the respiratory rate as a function of distance. The plots

show that the presence of sleep sack does not significantly affect the breathing rate accuracy.

We further evaluate BreathJunior with human infants who are swaddled in blankets in 2.3.2
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Figure 2.13: Effect of clothes, interference and ambient sound with white noise at 56 dB(A).

and show that it can track their breathing motion.

Effect of interference. The above experiments are all done when an adult is sitting about

three meters away from the crib. To further assess if the interference from other people

would affect the accuracy, we additionally did the same experiments with an adult sitting at

consecutively closer distances. As shown in Fig. 2.13b, we cannot see much difference except

when the distance between the adult and the smart speaker is 1 meter, while the distance

between the simulator and the smart speaker is 60 cm, since the small distance difference

leads to spectrum leakage in the FFT of the FMCW demodulation. However, BreathJunior

could still extract a breathing rate at this distance.

Effect of ambient noise. We evaluate the effect of ambient noise by playing a clip of pop

music using a smartphone placed two meters away from the crib. We set the volume so
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that the measured sound pressure at the crib is around 40 dB(A), 50 dB(A) and 60 dB(A)

respectively. We then turn on the smart speaker playing white noise at 56 dB(A) and report

the respiration rate accuracy in Fig. 2.13c. We see no obvious effect for the ambient noise

between 40 and 60 dB(A). This is because frequencies below 6 kHz are filtered out during our

white noise transformation algorithm. Further, white noise can be thought of as wide-band

spread spectrum which can be resilient to structured acoustic signals like music.

Effect of receive beamforming Here, we quantitatively evaluate the benefits of using receive

beamforming. As before, we run experiments by placing the smart speaker to the left of the

infant simulator and at an angle of 0o, while setting the simulator to breathe at a rate of

40 breaths per minute. We keep at-ear sound pressure at 59dB and change the distance of

the smart speaker and the infant simulator and collect the data on the smart speaker. We

then extract the breathing signals using a) only a single center microphone on the smart

speaker without using our receive beamforming algorithm; b) four microphones on the top

and bottom of the smart speaker; and c) all seven microphones to decode the signal. We plot

the three results in Fig. 2.14. The plot shows that receive beamforming improves the range

by approximately 1.75x — without beamforming, BreathJunior with a single microphone can

support up to 40 cm range, whereas receiver beamforming with seven microphones improves

the range to 70 cm. Moreover, while using four microphones reduces the variance in the

estimated respiratory rate it does not significantly increase the distance compared to using

only a single microphone without beamforming.

Apnea, motion and sound detection Here we evaluate BreathJunior’s ability to identify

apnea events, body motion as well as audible sound.

Apnea detection. An apnea event is defined as a 15-second respiratory pause [63]. While

it is difficult to run experiments with human infants that also have apnea events, we can

simulate them on our infant simulator. Specifically, we simualte a 15 second central apnea

event by remotely pausing the respiration of the infant simulator and resuming it after 15

seconds. We use the thresholding method in 2.2.2 to detect the presence of an apnea event

during the 15 second. We use the 15-second duration before the apnea event where the
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Figure 2.14: Respiration accuracy w.r.t. beamforming.
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Figure 2.15: Apnea event detection ROC curves.

infant simulator breathes normally to evaluate the false positive rate (FP). We place the

smart speaker 50 cm left of the simulator at an angle of zero degree. The simulator is

set to breathe at a rate of 40 breaths per minute. We repeat this experiment 20 times

to generate the receiver operating characteristic (ROC) curve by different values of the

threshold by computing the sensitivity and specificity of the algorithm in identifying apnea

events. Fig. 2.15 shows the ROC curves when we vary the volume of white noise between

50-59 dB(A). As expected, the accuracy improves at higher volume.

Motion detection. Next, we evaluate BreathJunior’s ability to detection body movements

such as hand and leg motion. We can remotely control the infant simulator to move its arms

and legs. Specifically, for each movement, the arm or leg rotates around the shoulder joint

away from the body for an angle of approximately 30°, than rotates back to its original
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position. Each movement takes approximately two seconds. We perform each of these

movements 20 times and record the true positive events. Like before, we also use 20 2-

second clips of normal breathing motion under the same condition. We set the distance

between the infant simulator and the smart speaker to 50 cm and set the simulator to breath

at 40 breaths per minute.

Fig. 2.16a shows the ROC curves for each of the three movements: arm motion, leg

motion and arm+leg motion. The AUC for the three movements was 0.9925, 0.995 and 1

respectively. The plots show that BreathJunior’s accuracy for motion detection is high. For

instance, the operating point for arm motion had an overall sensitivity and specificity of 95%

(95% CI: 75.13% to 99.87%) and 100% (95% CI: 83.16% to 100.00%), respectively. This is

expected because these movements reflect more power than the minute breathing motion

and hence can be readily identified.

Sound detection. Finally, we evaluate BreathJunior’s ability to detect infant audible

sounds. The infant simulator has an internal speaker that plays realistic recorded sounds of

infant crying, coughing and screaming, which are frequent sounds from infants. The volume

is to set to be similar to an infant sound. As before, we record 20 2-second clops of each

sound type and use 20 2-second clips where the simulator was breathing but was silent. The

infant simulator was set to breathe at 40 BPM and the distance from the smart speaker was

60 cm. Fig. 2.16b shows the ROC curves for each of the three infant sounds. The area under

the curve (AUC) for detecting the three sounds was 1, 0.965, 1 respectively.

2.3.2 Clinical Study with Infants

The American Academy of Pediatrics strongly recommends against any wired systems in an

infant’s sleep environment, making ground truth collection of respiratory signals on healthy

infants at home unsafe and potentially ethically challenging [23]. To overcome this challenge,

we conduct clinical studies at the Neonatal Intensive Care Unit (NICU) of a major medical

center. The vast majority of infants in this NICU are born prematurely (i.e., before 38
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Figure 2.16: Motion/sound detection ROC curves.

weeks gestation). We choose this environment because the infants are all connected to

wired, hospital-grade respiratory monitors providing respiratory rates while they sleep in

their bassinets. Each infant is treated in individual bassinets in a separate room, where their

parents and nurses are also sitting around 1.5 meters away from the bassinet, most of the

time. We recruited five infants, with consent from their parents, over the course of a few

months. This study was approved by University of Washington’s Institutional Review Board

and followed all the prescribed criteria.

Clinical study setup. Since infants at this age sleep intermittently between feedings, our

recording sessions ranged from 20 minutes to 50 minutes. All infants, because they were

in the NICU, were connected to hospital grade respiratory monitoring equipment (Phillips

LTD). Fig. 2.1 shows the setup with our study smart speaker. The smart speaker prototype

is placed outside the crib to ensure safety, and the distance between the prototype and the

monitored infant is kept between 40-50cm. We ensure that the at-ear sound pressure is

59dB(A). We performed a total of 7 sessions over a total duration of 280 minutes. Of these,

the nurses or parents were interacting or feeding the infant for 62 minutes. We perform our

algorithms over the remaining 218 minutes.
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Infant
Total

session

Total

duration

Effective

duration

Sleep

duration

1 1 40min 33min 20min

2 3 125min 90min 63min

3 1 40min 35min 9min

4 1 30min 20min 11min

5 1 45min 40min 33min

Table 2.1: Statistics across the recruited infants.

Respiratory rate accuracy. We could access respiratory rate measurements from the

Phillips hospital system with minute-to-minute granularity. We synchronize the clocks be-

tween the logging computer in the hospital and our laptop to align the start of each minute.

Note that the precision of the respiratory rate from the Phillips system is 1 BPM, and we

use it as ground truth and compare the error of our system with it. Our breathing rate

experiments had infants with a minimum weight of 3.5 kg and a maximum weight of 4.5 kg.

This is within the weight range for our target application population of normal infants above

the age of 1 month. Note that BreathJunior only monitors breathing when the infant is not

moving. We note that while infants can move their limbs to varying degrees in the post-natal

period, they are generally unable to roll over (back-to-front) until approximately 6 months

of age [28]. Further, when the infant is moving or crying the ground truth breathing rate

signal is also affected. So we focus on the time duration when the infant is not moving or

crying but is either stationary or sleeping.

Fig. 2.17 shows the respiratory rates detected by our system compared to that reported

by the groundtruth. The plot shows multiple key trends.

• Unlike adults, the respiratory rate for infants is significantly higher. In the NICU, the

population is typically premature babies, many of whom have respiratory problems, often

with breathing rates above 35 BPM and in some instances as high as 70 BPM.
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Figure 2.17: Comparison between respiratory rate from BreathJuniorand groundtruth with

infants at NICU.

• At a breathing rate above 65 BPM, we see larger errors. This is expected because the

various parameters in our system are designed for a maximum breathing rate of 60 BPM

and for non-NICU infants. This limitation can be further addressed, and the algorithm

improved, by using a combination of shorter block duration and a band-pass filter that

adaptively adjusts its pass band to the frequency range of the respiration. We also note

that these respiration rates were observed in atypical infants (i.e., born prematurely, under

weight, or with underlying respiratory problems hence their admission in an NICU).

• The respiratory rate computed by BreathJunior is highly correlated with the baseline —

the interclass correlation (ICC) between them was 0.938.

Motion and crying detection accuracy. Finally, we compare BreathJunior’s motion and

sound detection capabilities with the ground truth. We used the threshold values from the

simulator experiments which gave us the best sensitivity and specificity (top-left points of

Fig. 2.16a and Fig. 2.16b) for this purpose. We manually note the duration, on a minute

resolution, when the infant is crying and moving; we use this as the ground truth for these

experiments. Figs. 2.18 show the results for both the ground truth as well as BreathJunior

for both body movements (e.g., arms/legs) as well as crying, for each of the five infants. The

figures show that there is a good correlation with the ground truth.

2.4 Related Work

Physiological monitoring solutions. Wired vital sign monitors are traditionally used for
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Figure 2.18: Accuracy for detecting motion as well as sounds with infants at NICU.

both hospital and home use [178]. By definition, they require physical contact of the sensors

with the infant’s body or on their sleep surface. These sensors include pulse oximeters [127],

and thoracic impedance monitors [64]. A critical drawback of these wired systems is that

they may interrupt sleep and can lead to severe complications including death from stran-

gulation [26]. More recently, wireless wearable solutions are being designed to track vital

signs. These require wearables in contact with the infant body including smart socks [32],

wristbands [29] or other probes [253, 75] which track the heart rate of infants. Sleep surfaces

embedded with sensors have also been designed for tracking physiological signals [25, 31]. All

these solutions however require contact with the infant body. In contrast, our design is the

first contactless solution that uses white noise, which can facilitate sleep, to track breathing

and other infant movements.

There has also been a renewed interest in designing contactless solutions that utilize cam-

eras and radar [259, 153]. [171] uses cameras to recognize respiration and heart rate, however

cameras are sensitive to light conditions especially during sleep. [259] use ultra-wideband

radar to track respiration and heart rate in adult participants. [34, 249] use millimeter wave

radar to track heart rate and respiration in infants. Radar solutions however require special-

ized hardware and ultra wide bandwidth which are not available on existing Wi-Fi radios
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or smart speakers. [153] uses WiFi signals to track respiration in adult participants. Wi-

Fi based breathing monitoring has not yet been demonstrated for infants. Further, Wi-Fi

based tracking solutions are prone to interference from other moving objects given their long

range and are affected by ambient Wi-Fi data transmissions [121, 189]. We take an alternate

approach that operates at short-range using white noise as an active sonar system.

Acoustic sensing. Acoustic signals are widely studied for motion tracking and lo-

calization because of their slow propagation speed and ease of use in commodity devices.

[174, 236, 250] track finger motion, [103, 251, 51] track gestures using acoustic signals. Acous-

tic signals are also used to track devices [252] such as smartwatches and smartphones using

a microphone array; [230, 159] tracks smartphones using multiple speakers. Acoustic reflec-

tions have also been used for detecting middle ear fluid using smartphones [68].

The closest to our approach is prior work on active sonar that uses 18-20 kHz acoustic

transmissions from a phone speaker to track breathing in adult participants for diagnosis of

sleep apnea [173] and opioid overdose [172]. [190] uses sound between 17-19 kHz to detect

respiration as well as heart rate. While adults generally cannot hear 18–20 kHz acoustic

signals, infants have much better sensitivity compared to adults at higher frequencies up to

20 kHz [160, 221], which makes those high frequency sounds potentially audible and thus

inappropriate for infant sleep monitoring. Long-term exposure to ultrasound in infants may

also cause headache, nausea and temporary hearing loss [193, 110]. Our approach differs in

three key ways: 1) we explore the use of microphone arrays on smart-speaker devices such

as Amazon echo to achieve contactless respiratory monitoring and 2) we use white noise as

a signal source and develop algorithms to extract the breathing motion from reflections of

these white noise transmissions and 3) we show for the first time that an active sonar system

can be used for tracking the minute breathing motion from infants.

2.5 Conclusion and Discussion

We present a contactless solution that can monitor infants using white noise. From a clinical

utility perspective, there are several potential use cases for a smart speaker-based respiratory
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monitor. These include respiratory rate monitoring for the purposes of identifying early signs

of incipient infection, non-invasive monitoring for respiratory changes of chronic diseases (e.g.,

asthma, COPD, congestive heart failure), non-invasive monitoring of older kids with epilepsy

or recurrent central apneas, and even monitoring for the purposes of wellness. All these are

areas that require further inquiry. The use case presented here is compelling for children and

parents because it provides two functionalities: white noise to facilitate sleep and respiratory

monitoring. And the system can do these tasks at low cost, using a commodity smart speaker.

While the use of consumer infant vital sign monitoring devices is a source of debate [56],

these systems remain a fixture among many parents who make a conscious choice to monitor

their children while they sleep.

There are a few studies about the effects of noise on infants as well as adults. Although

50 dB(A) is recommended for a hospital nursery, there is significant related work that notes

that there is no known negative consequences of white noise exposure as long as the sound

pressure is less than 75 dB(A) [188, 89]. For adults, the WHO recommends a noise limit of

85dB (A) on an average of 8 working hours. White noise machines currently on the market

have an average noise level of 63.3 dB (A) at a distance of 2 m [122]. As a result, 59 dB(A)

is considered safe and within normal limits for a clinical as well as home environment.

While we focus on white noise, using other noise types including pink noise, brown noise

and natural sounds (e.g., raindrops, fan noise) is worth exploring as well. Further, we may use

shorter block duration to support higher respiratory rates greater than 65 BPM and combine

them with adaptive filters that dynamically infer the range of respiratory rates. Finally,

BreathJuniorachieves an operational range of 0.7 m using white noise with 59 dB(A) at-

ear sound pressure. However, longer ranges can be achieved using microphones with higher

sampling rate and bit resolution. Further, our breathing experiments were limited to a

minimum infant weight of 3.5 kg. Evaluating the system with infants with lower weight is a

worthwhile research direction.
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Chapter 3

USING SMART SPEAKERS TO CONTACTLESSLY MONITOR
HEART RHYTHMS

3.1 Introduction

Clinical heart rhythm assessment depends on reliable acquisition of beat-to-beat intervals of

the heart, also known as the R-R intervals. Physiologically, the R-R interval represents the

time between successive ventricular depolarizations of the heart. Acquisition and assessment

of R-R interval irregularity is necessary for diagnosing many cardiac arrhythmias and to study

heart rate variability in healthy individuals[116, 227]. Although frequency domain analysis

can estimate average heart rate in regular and quasi-periodic heart rhythm conditions, it

fails when the rhythm is irregular, which is common in pathological conditions such as atrial

fibrillation [186]. R-R intervals are conventionally measured by identifying individual heart

beats extracted using electrocardiography (ECG). This approach works for both regular and

irregular rhythms but requires physical contact with the skin to operate.

A non-contact solution for heart rhythm monitoring offers several advantages. It can

monitor infectious and contagious patients where cleaning of contact-based devices can be

time consuming and burdensome [65, 228], monitor patients in home isolation and quarantine

settings, and benefit patients with skin allergies who are intolerant to wearable and contact-

based devices [20]. Contactless rhythm acquisition may also be valuable in the modern

telemedicine era, whereby patients’ self-administered rhythm analysis are communicated to

their physician. The benefits of a self-administered test are numerous, and may include the

ability to connect patients living in rural areas to physicians, screening patients for atrial

fibrillation remotely, and obtaining clinical trial data without the need for an in-person visit.

The widespread adoption of high quality smart speakers equipped with multiple micro-
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phones presents a unique opportunity for contactless monitoring of human body and internal

organ functions. Google Nest smart devices can already determine a user’s distance on its

smart speaker by emitting soft, inaudible acoustic signals and analyzing their reflections from

the human body [30, 36]. Apple HomePod and Amazon Echo devices support an array of six

and seven microphones, respectively, that are used for sophisticated acoustic processing [24].

Here, we describe a proof-of-concept contactless system for monitoring cardiac rhythm

using smart speakers that can identify individual heart beats in both regular and irregular

rhythms. Our algorithms extract both heart rate and R-R intervals by transforming a smart

speaker into a short-range active sonar system. An active sonar based approach to contact-

less monitoring has the distinct benefit of scalability vis-à-vis smart speakers. Unlike doppler

radar [146, 39, 143, 241] and optical vibrocardiography [170, 196, 234], active sonar hard-

ware components (i.e., multiple microphones and speaker) are ubiquitous in smart speakers.

Further, in contrast to approaches that use facial photoplethysmographic signals [245, 246],

which raise privacy issues due to their use of cameras, active sonar can operate using inaudi-

ble acoustic signals and does not require the capturing of audible sounds.

At a high level, a smart speaker emits 18–22 kHz inaudible sound signals that are reflected

off the human body and received by a microphone-array. We designed algorithms to 1)

analyze these signals and detect the subtle motion of the chest wall caused by the heart’s

apical impulse as well as by arterial pulsations on the body’s surface, and 2) separate these

signals from much larger breathing motions and ambient noise. We show that a smartspeaker

running our algorithms that is placed in front of a subject less than a meter away can identify

individual heart beats and extract heart rate and R-R intervals for both healthy participants

and patients with different cardiac abnormalities. This data could be used for studying heart

rhythms, detecting cardiac arrhythmias, and determining heart rate variability.
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3.2 Methods

3.2.1 Study design

Cardiac patients were enrolled prospectively from the acute care general cardiology unit at

the University of Washington Medical Center, a tertiary academic medical center in an urban

area. All patients’ heart rates and rhythms were continuously monitored in this unit using

hospital-commissioned, three-lead surface electrode telemetric monitoring systems.

Patients were eligible for inclusion if they were older than 18 years of age and able to

provide informed consent. They were excluded if they were unable to sit still for more

than 15 minutes, demonstrated cardiopulmonary instability, or had altered mental status as

determined by a medical doctor (D.N.). Randomization was not applicable, and study inves-

tigators were not blinded. Once enrolled in the study, patients had their clinical variables —

age, gender, height, weight, BMI, medications, and medical comorbidities — abstracted from

their electronic medical records. This study was approved by the University of Washington

Institutional Review Board, and all relevant ethical regulations were followed and informed

consent was obtained.

In the study, we use the EliteHRV Corsense PPG and Polar H10 ECG sensors for ground

truth. PPG sensors are known to produce comparable R-R interval accuracies to ECG, with

high correlation coefficients between 0.968 and 0.998 [199, 152]. To verify this, we performed

a comparison test between the ground truth sensors on two healthy participants and noted

that the mean absolute R-R interval difference was 11 ms.

3.2.2 Smart speaker prototype

Though smart speaker companies have access to individual microphone data from the mi-

crophone array, this data is not currently provided to third-party developers to protect user

privacy. Therefore, we prototyped our system using an off-the-shelf, seven-microphone array,

which had an identical microphone layout and sensitivity to the Amazon Echo Dot [24] but

can output raw recorded signals. The prototype consisted of a commercial UMA-8-SP USB



41

circular array with 7 microphones with a 4.3 cm separation, similar to an Amazon Echo Dot;

a PUI Audio AS05308AS-R speaker; and a 3D-printed case that held the microphone array

and the speaker next to each other. The smart speaker was connected to a computer via USB

as an external sound card device, where we played and recorded sounds at a sampling rate

of 48 kHz and and a sound pressure level of around 75 dB at a distance of 50 cm. A similar

setup and hardware were used in smart speaker research due to the constraints imposed by

smart speaker companies [233, 235, 231].

The minimum distance resolution achieved by our system depends on various factors that

affect phase error: hardware components, circuit design and interference control, operating

system and driver to support high-throughput audio signals, and the algorithm itself. The

mean phase error on our acoustic hardware is approximately 0.05 radian in an empty room.

Assuming signals from each of the 7 microphones are independent, the corresponding mean

displacement error, with ideal beamforming, is around 0.025 mm. Note that this is an ideal

distance resolution for our specific hardware and is likely better for consumer smart speakers

with better hardware.

3.2.3 Extracting cardiac rhythm using active sonar

We generated a linear frequency modulated continuous wave (FMCW) chirp block with a

duration of T = 50 ms, between f0 = 18 kHz and f0 +F = 22 kHz, and played it in a loop

through the speaker. While we did not perform the traditional FMCW processing and other

signals including white noise could be used [233], we used FMCW signals since they provide

good spectral efficiency. Mathematically, an FMCW signal is given by:

x(t) = cos(2πf0t+ π
F

T
t2), t ∈ [0, T ) (3.1)

We performed a Discrete Fourier Transform (DFT) on this signal to extract its frequency

domain representation. We then computed the phase of the transmitted FMCW signal in the

frequency domain within [f0, f0 +F ] as φFMCW (f), which we next used in our pre-processing

algorithm.
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Pre-processing and echo suppression

We first pre-processed the received signal at each microphone to extract the impulse response

of the acoustic channel. We then suppressed the echoes that arrived from large distances.

To compute the impulse response of the acoustic channel on each microphone, we per-

formed DFTs over signal blocks of duration T with a sliding window, ∆T = 10 ms. This

resulted in an effective sampling rate of 100 Hz for the output cardiac signal. Let us denote

the ith block on the jth microphone as y(i,j)(t). Performing a DFT over this signal gives us,

Y (i,j)(f) =
T∑
t=0

y(i,j)(t)e−j2πft/T (3.2)

We next performed equalization to transform the received FMCW chirp into an impulse

response. To do this, we cancelled out the phase of the FMCW chirp, φ(f), in the frequency

domain. Since the sliding window resulted in a timing synchronization offset, i∆T mod T ,

in the FMCW signal, it introduced an additional phase offset in the frequency domain,

−2πf ∆T
T
i. We performed frequency domain equalization to cancel both these phases to

obtain,

Ψ(i,j)(f) = e−jφ(f)+j2πf ∆T
T
iY (i,j)(f) (3.3)

The time-domain impulse response of the acoustic channel was then obtained by performing

an inverse DFT to obtain:

ψ(i,j)(t) =

(f0+F )T∑
f=f0T

ej2πft/TΨ(i,j)(f) (3.4)

This impulse response represents the time-of-arrival of the various reflections from the speaker

to the microphone.

Since cardiac motion is minute, it can be drowned out by reflections corresponding to

coarse motion from distant locations. Therefore, we performed echo suppression to eliminate

the reflections arriving from the farther distances. The impulse response at time t represents

the total energy of the reflections that arrive at time t. To reduce the effect of reflections

from distant motion, we can zero out the impulse responses at farther distances. Since
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our operational range was D = 1 m, the round-trip time-of-arrival corresponding to this

distance was Td = 2D/c, where c is the speed of sound. Zeroing the signal after Td in the

impulse responses can lead to abrupt changes in the time domain and spectrum leakage in

the frequency domain. Instead, we point-wise multiplied ψ(i,j)(t) with a raised-cosine window

W (t) starting at time 0, with a roll-off factor of 1 and length Td. This yielded the impulse

response after multipath suppression,

ψ̂(i,j)(t) = ψ(i,j)(t)W (t− Td/2) (3.5)

We the performed a DFT on this impulse response to obtain Ψ̂(i,j)(f).

Adaptive maximum-SINR beamformer

To motivate the need for an adaptive beamformer, we must understand how breathing motion

interferes with the minute heart motion. The received acoustic signal at each microphone is a

superposition of reflections from various reflectors on the body, including the chest, abdomen

and neck as well as reflections from static objects and noise. Assuming that breathing and

heartbeats result in a displacement of approximately 0.5 cm and 0.5 mm, respectively, this

results in a phase change of around 3.3 and a 0.3 radian in the acoustic signal. Thus, the

received acoustic signal in the complex domain can be represented as a linear combination

of complex numbers corresponding to two arcs, the respiration arc, and the heartbeat arc,

in addition to a constant complex offset from static reflections and noise.

The complex numbers corresponding to the respiration arc have a repeating motion along

the arc, with a quasi-static respiration frequency (Rresp) of less than 20 cycles per minute

(CPM) in adult humans. Projecting an ideal breathing signal onto the real and imaginary

components results in sinusoidal waves. However, the breathing motion is not perfectly

sinusoidal. As a result, while the majority of breathing energy in the frequency domain is at

Rresp and its second harmonic (<40 CPM), a non-negligible portion of energy leaks into the

higher frequencies that correspond to heart motion.

A heartbeat arc in comparison is much smaller, and the moving trajectory along each
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heartbeat arc can thus be approximated as a linear segment. Hence, the projection of

the motion along the arc onto the real or imaginary axis is approximately linear to the

motion itself. Human heartbeat motion has a mean frequency (Rheart) between 60-150 CPM.

However, the instantaneous heart rate, which is the reciprocal of the R-R interval, is not

necessarily quasi-static.

Without loss of generality, we can model the motion along the heartbeat arc as a carrier

wave at a frequency Rheart that is frequency modulated (FM) with a finite random signal

s(t) that changes the beat-to-beat interval. Since heart beats have an average frequency of

Rheart, the modulating signal s(t) had a maximum bandwidth of B = Rheart/2. The FM

modulation signal can then be written as,

FM(t) = cos(2πRheartt+ δf

∫ t

0

s(τ)dτ) (3.6)

Here ∆f is FM frequency deviation. The main assumption we make is that variations in

beat-to-beat intervals have a maximum frequency such that ∆f < Rheart/2. As a result, the

modulated signal has a low modulation index as ∆f
B
< 1 and is a narrow-band FM signal.

Given Carson’s rule[67], the spectrum of narrow-band FM signals has only one main lobe,

and the majority of the energy of the FM signal falls inside Rheart±B. Further, the spectrum

has a long tail that is spread into frequencies outside this range.

The preceding analysis demonstrates two main properties of breathing and heart motion

signals. First, a non-negligible minority of the energy corresponding to breathing and heart

motion can leak between these frequency ranges. Since the respiration motion is much larger

than heartbeat motion, it introduces noise in the 60 to 150 cycles per minute frequencies

and can hide the heartbeat signal. As a result, band-pass filtering does not help to extract

heart rhythm from the active sonar signal. Instead, we must design a beamforming algo-

rithm. Second, most of the energy corresponding to breathing and heart motion falls in

non-overlapping frequencies of [0, 40] and [60,150] CPM, respectively.

We leveraged both properties in the design of our maximum signal-to-interference and

noise ratio (SINR) beamformer. Taking 30 seconds of blocks as training sequences, the
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beamformer combined the signal across different microphones and frequencies in the impulse

response to maximize the heart signal while minimizing the breathing signal and noise. The

frequency domain impulse response computed over the ith block and jth microphone can be

written as,

Ψ̂(i,j)(f) = αj,fS
(resp)
i + βj,fS

(heart)
i + Cj,f +Ni,j,f (3.7)

Here S
(resp)
i and S

(heart)
i correspond to the respiration and heart motion signal, α and β are

the corresponding weights, Cj,f corresponds to the reflections from the static objects in the

environment, and N is the noise. At a high level, the optimization problem aims to find the

matrix H = [hj,f ] such that
∑
i |(H·β)S

(heart)
i |2∑

i |(H·α)S
(resp)
i |2+Var(H·N)

is maximized, where A ·B =
∑

i,j Ai,jBi,j

and Var(·) denotes the variance.

The structure of respiration and heart signals is unknown since it varies across people and

time. From the preceding analysis, the majority of the energy corresponding to breathing

and heart motion lie in non-overlapping frequencies. So, we instead used the energy in

these frequency ranges as a proxy for breathing and heart motion in the above optimization.

Specifically, we denote S(i) = H · Ψ̂(i,j)(f). We designed three FIR filters: a low-pass filter

Wresp with a cut-off frequency at 50 CPM, a band-pass filter Wheart with a pass-band of

60-150 CPM, and a high-pass filter Wnoise with a cut-off frequency at 150 CPM. We then

computed the filtered signals as,

Ŝresp = Wresp ∗ S, Ŝheart = Wheart ∗ S, Ŝnoise = Wnoise ∗ S (3.8)

Here ∗ is the convolution operation. We then used gradient ascent to maximize the following

objective function:

L(H) = log(||<(Ŝheart)||22+||=(Ŝheart)||22+k<(Ŝheart)·=(Ŝheart))−log(ŜrespŜ
∗
resp+ŜnoiseŜ

∗
noise)

(3.9)

Here, ||A||2 is the 2-norm function of vector A, <(·) and =(·) represent the real and imaginary

part of a complex number, and S∗ denotes the conjugate of S. We also used a hyper-

parameter k that constrained the level of coherence of the real (in-phase) and imaginary
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(quadrature) parts of the heart signal, because they were both linear projections of the same

heart motion and hence should have a large correlation. Note that although we used a

band-pass filter here, it was not used directly for signal extraction but only as a metric for

approximating the SINR. After computing H using gradient ascent, we extracted the heart

rhythm signal Ŝheart.

Dropout and Regularization. To avoid local maximum, we introduced two techniques

during optimization. When random noise in any frequency-microphone pair has dominant

energy within the heart rate range, it may be wrongly amplified while maximizing the ob-

jective function. We leveraged the fact that, unlike random noise, heartbeat motion should

exist in a majority of frequency-microphones pairs. Hence, during the backward process

in each iteration of gradient ascent, we probabilistically chose the weight to update with a

probability p = 0.6, leaving the other weights unmodified.

The gradient ascent algorithm can also incorrectly converge to a local maximum that

appears to be an impulse-like signal, which can be caused by a participant’s abrupt motion.

The length of the heartbeat arc, however, should not change abruptly over time because the

skin displacement from each heartbeat is proportional to the blood pressure or apical impulse.

Thus, the resulting signal should have a stable envelope. To enforce this, we introduced a

regularization penalty term that is the maximum of the heart signal, i.e., max |Ŝheart|. Thus,

the objective function we used in our gradient ascent algorithm is given by
L(H) =− log(||<(Ŝheart)||22 + ||=(Ŝheart)||22 + k

∑
|<(Ŝheart)=(Ŝheart)|)

log(ŜrespŜ
∗
resp + ŜnoiseŜ

∗
noise + γmax(ŜheartŜ

∗
heart)) (3.10)

We implemented the gradient ascent algorithm using PyTorch [182] with the parameters

k = 2, γ = 0.2. The step size was initially set to 1, and we halved the step size if the objective

function value did not increase every 100 iterations. Convergence was met when the step

size fell below 0.05. The gradient ascent algorithm took an average of 2000 iterations to

converge. The optimization was performed over the first 30 seconds of data to compute the

beamforming matrix, H, which was then used to extract heart rhythms from the remaining

data.
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Finally, our algorithm does not use supervised learning in that it does not need ground

truth data. Our optimization is self-supervised, which means that the inference for one

person does not require ground truth training data for the person or pre-trained model

on other people. The self-supervised model extracts the hidden information (i.e., the R-R

intervals) by optimizing the above objective function. The reason we use self-supervision is

that different body shapes, positions and the surrounding environments make a supervised

model difficult to generalize. Instead, we identify the beamforming weights that maximize

the signal strength of the heart rhythm motion by solving our optimization problem, without

the need for any ground truth training data.

3.2.4 Heartbeat Segmentation

After the beamforming process converged and H was obtained, we extract the heart signal,

Sheart, by applying a high-pass filter above 50 CPM to the real and imaginary parts of the

resulting beamformed signal, S. We used a high-pass filter instead of a band-pass filter to

preserve the high-frequency information and improve temporal resolution in the heart beat

signal.

We next segmented this complex signal into individual heart beats. The challenge here

is imperfect beamforming, which leaves residual interference from respiratory motion that

modulates the heart signal. This introduces a rotation to the heartbeat signal, which changes

the projection ratio between the real and imaginary components. Thus, we cannot always

observe heartbeats only on the real (in-phase) or imaginary (quadrature) components (Fig-

ure 3.2). Choosing local peaks from the absolute values of Sheart does not work since the

residual noise from the high-pass filter creates fake peaks; a more restrictive band-pass filter

could reduce this noise but would also reduce temporal resolution.

We designed a segmentation algorithm that finds both the segmenting points and the

rotation of each segment simultaneously. Our intuition was that the shapes of consequent

heartbeat arcs were similar after accounting for temporal scaling due to different R-R inter-

vals and a rotation between them due to residual breathing motion. The algorithm finds the
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segmenting point and the corresponding rotation transformation for each segment, where one

segment post-rotation is most similar to its previous segment after scaling to be the same

duration. Unlike prior segmentation approaches [258, 190], our algorithm is non-iterative,

accounts for rotations, and relies on comparison only between adjacent segments.

To measure the distance metric between segments si and si+1, we first normalized their

lengths to the longer segment using linear interpolation. The best rotation was then com-

puted by minimizing the mean square error between si and the rotated si+1. This rotation

is given by,

s
(rot)
i+1 = si+1

√
sis∗i+1

si+1s∗i
(3.11)

Given two complex vectors x and y with L elements each, the rotation angle, θ, that mini-

mizes the mean square error:

E =
L∑
i=1

(xi exp(jθ)− yi)(xi exp(jθ)− yi)∗ =
L∑
i=1

xix
∗
i − xiy∗i exp(jθ)− x∗i yi exp(−jθ) + yiy

∗
i

(3.12)

This can be computed by setting the first derivative to 0, as follows:

dE

dθ
=

L∑
i=1

−jxiy∗i exp(jθ) + jx∗i yi exp(−jθ) = 0 (3.13)

Thus, an optimal rotation is given by,

exp(jθ) =

√
x∗y

y∗x
(3.14)

The distance metric between two segments was then defined as,

d(si, si+1) =
||si − s(rot)

i+1 ||22
||si + s

(rot)
i+1 ||22

(3.15)

Once we identified each beat segment, we chose its mid-point as the timing for the corre-

sponding heart beat, which we then used to compute the heart rate and R-R intervals.
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3.2.5 Synchronizing different data streams

To compare the heart rate and R-R intervals computed by our algorithm to the ground

truth from the ECG and PPG sensors, we needed to synchronize both data streams and

match their corresponding heartbeats. We first corrected the initial timing offsets using

two steps. Initially, we started the sensor tracking on the smartphone approximately five

seconds after we turned on the acoustic signal recording using a manual timer. Then, before

processing, we offset each acoustic recording by 5 seconds to achieve a coarse synchronization

with the ground truth. To accurately match the start timings, the alignments were manually

examined and adjusted to match the first heart beat across data streams. The timing of each

beat was extracted from the acoustic recordings using our algorithms, and the heart rate was

calculated by counting the number of beats within one minute. The manual alignment is

carefully performed to match the first heart beats to minimize errors for the remaining heart

beats in each data stream.

Another well-known challenge encountered when comparing R-R intervals across data

streams is that any missed heart beat in one of the data streams can affect all subsequent

R-R intervals since synchronization is lost; this results in our comparing R-R intervals across

data streams that are not synchronized with each other[91, 54]. To perform this matching

across the ground truth annotations of the heart beats and our algorithm output, we first

matched each R-R interval segment for both data streams. Say, ti and t′i are beat timings

in ground truth annotations and our algorithm output, respectively. For each beat i in the

ground truth annotations, we find the beat f(i) in the algorithm output where |ti − t′f(i)|

is the smallest. Similarly, for each beat j in the algorithm output, we find the g(j) in the

ground truth annotation where |tg(j) − t′j| is the smallest. We matched R-R intervals where

starting and ending beats mutually matched each other across the two streams, i.e., where

g(f(i)) = i and g(f(i+ 1)) = i+ 1, and no other heart beats matched the beats in the R-R

intervals. Using this matching process, 86.7% of R-R intervals were matched across healthy

participants and cardiac patients. This is a similar fraction to that reported in prior work
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Figure 3.1: The processing pipeline of our system is able to extract the tiny motion of heart

beats from the raw active sonar signal

comparing R-R intervals between Apple watch and the gold standard ECG [91]. Excluding

unmatched R-R intervals, however, might lead to more optimistic results since the mismatch

is likely due to poor signal quality. To understand the effect of this exclusion, we included

all the R-R intervals for the healthy cohort and compared the two data streams using the

interpolation method in [90]. The excluded intervals above follow the error type 4 and 5

in [90], where M intervals in our results correspond to N 6=M intervals in the ground truth.

We interpolated them into max(M,N) intervals evenly. This increased the absolute median

error from 28 ms to 32 ms and the 90th percentile error from 75 ms to 89 ms.
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3.3 Results

3.3.1 Concept and algorithms

Prior work has focused on contactless monitoring of breathing signals using active sonar

on smart devices [172, 173, 205, 233]. Recent work [190] computes heart rate using smart

phones from 5–30 cm, but assumes that the heart beats are regular and thus uses frequency

domain analysis to extract the heart motion from the fundamental frequency and its har-

monic components. This approach however does not work with irregular heart rhythm since

there is no well-defined peak in the frequency domain and the energy is spread across a range

of frequencies. Extracting irregular beats is difficult using acoustic signals since heart beats

result in a 0.3–0.8 mm motion on the surface of the human body [50]; this is an order of

magnitude smaller than the wavelength of sound at our operational frequencies. Further,

commodity smart speakers are designed primarily to transmit in the audible frequencies,

and the inaudible frequencies they support have a limited bandwidth — 4 kHz bandwidth

across 18–22 kHz — with a non-ideal frequency response. Unlike ultrasonic devices [124],

commodity smart devices also have a limited sampling rate, about 48 kHz, that produces

a low signal-to-noise ratio, making it difficult to achieve the high temporal resolution re-

quired to measure the precise timing of each heart beat. Another complicating factor is

that breathing creates a much larger motion than heart beats on the surface of the body.

Though respiration rates are typically lower than heart rates, respiration is not a perfect

sinusoidal motion since inhalation and exhalation durations can differ (Figure 3.1A). This

creates high frequency components in the breathing motion that interfere with the minute

heart beat motion. At low signal-to-noise ratios, this prevents the latter from being reliably

separated in the frequency domain using filtering (Figure 3.1B); when the heart signal is

weak and overwhelmed by interference from breathing motion, it becomes challenging to

extract individual heart beats in irregular rhythm.

Our smart speaker-based sonar system generates frequency modulated continuous wave

(FMCW) signals, with the frequency linearly increasingly from 18 kHz to 22 kHz. We ex-
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tract individual heart beats from reflections of these transmissions captured by a microphone

array. We first pre-process the received signal at each microphone to filter out the audible

frequencies to remove background noise. We then extract the impulse response of the acous-

tic channel which represents the times-of-arrival of the various reflections from the speaker

to the microphone. Since cardiac motion is minute, it can be drowned out by reflections cor-

responding to coarse motion from distant locations. Therefore, we perform echo suppression

to eliminate echoes arriving from distances greater than 1 meter (Figure 3.1C).

We then separate the heart rhythm from breathing motion. Heart rhythm can be irreg-

ular, and breathing motion is not a perfect sinusoidal signal. Therefore, filtering alone is

not effective. We introduce an adaptive learning-based beamforming algorithm that maxi-

mizes the signal-to-interference and noise ratio (SINR) by aligning heart beat signals across

microphones and frequencies while minimizing the interference from breathing motion and

noise. The adaptive beamformer uses complex weights to combine the signals from differ-

ent microphones across frequencies. To compute the weights, we formulate an optimization

function that we solve using a gradient ascent algorithm [194]. Since we do not assume a

priori periodic structure to the heart rhythm, the learning algorithm can erroneously detect

high-frequency, impulse-like signals caused by abrupt breaths or interference in the environ-

ment. We introduce regularization parameters in the optimization function by penalizing

such abrupt changes (see Methods and Materials).

Finally, we segment the resulting heart rhythm signal into individual heart beats. Since

beamforming can be imperfect, we still confront the challenge of non-negligible residual

interference from respiration motion, which shifts the heart signal back and forth between

the in-phase and quadrature phase components of the acoustic signal (see Figure 3.2). Our

algorithm simultaneously identifies the segmenting points and the shift in each segment. We

do this by 1) comparing adjacent segments to account for different segment lengths due to

irregular R-R intervals and, 2) tracking the shift between in-phase and quadrature-phase

components caused by residual breathing motion. Once we identify each beat segment, we

compute the heart rate and R-R intervals.
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Figure 3.2: Example heart rhythm waveforms extracted by our system along the ground

truth ECG waveforms

3.3.2 Testing with Healthy Participants

We recruited a cohort of 26 voluntary participants who had no prior history of cardiac

conditions. The median age of the participants was 31 [interquartile range (IQR), 8.5] years
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Figure 3.3: Overall performance for healthy participants

and body mass index (BMI) was 22 (IQR, 3). The female-to-male ratio was 0.6.

Participants were fitted with a Polar H10 Sensor System (Polar Electro, Kempele, Fin-

land) that measures ECG and outputs the heart rate and R-R intervals. We used the ECG

sensor to gather ground truth data for the study. All testing was performed in a private room

at University of Washington, where participants sat upright on a chair by a table on which

our prototype smart speaker was placed. The testing was conducted with the clothing the

participants were already wearing indoors such as blouses, tops, T-shirts, and button downs
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made with different fabric materials. Participants took a series of one-minute measurement

sessions, where they were asked to sit still and breath normally. For each healthy participant,

we conducted a total of seven 60-second sessions. In the first three, the smart speaker was

placed in front of the participant’s chest at the nipple level, at a distance of 40 cm, 50 cm and

60 cm. For the fourth session, the smart speaker was pointed 10 cm above the participant’s

chest at a distance of 50 cm. For the fifth, the smart speaker was pointed towards the chest

but at an angle of 20◦ and a distance of 50 cm. In the sixth, measurements were conducted

at a distance of 50 cm, while jazz music played at around 75 dB (A) sound power level from a

distance of 5 m. In the final session, participants were asked to jog in place to increase their

heart rate above 110 beats per minute (BPM) before starting measurements at a distance of

50 cm.

We computed the average heart rate by counting the number of heart beats over a period

of 60 seconds and compared it to the heart rate output by the ECG device. Figure 3.3A shows

the scatter plot of the heart rates across all participants and sessions. Measurements from the

smart speaker and the ECG sensor had intra-class and concordance correlation coefficients

of both 0.983. Figure 3.3B shows the cumulative distribution function (CDF) of the error in

the heart rate. The median absolute error was 1 BPM, with a 90th percentile error of less

than 4 BPM. We also compared the R-R intervals output by the smart speaker and the ECG

sensor. The intra-class correlation coefficient (ICC) and concordance correlation coefficient

(CCC) between the two measurements were 0.929 and 0.927 respectively (Figure 3.3C). The

median absolute error in the R-R intervals was 28 ms, with a standard deviation of 49 ms,

and the 90th percentile error was 75 ms (Figure 3.3D). The mean absolute error in the R-R

intervals as a percentage of the ground truth R-R interval was 3.6% with a standard deviation

of 4.3%.

As the distance from the speaker to the participant increased the acoustic signal attenu-

ated, increasing errors. As Figure 3.4A shows, when the distance increased from 40 to 60 cm,

the median error in the R-R intervals increased from 25 ms to 33 ms. The median error was

26 ms when the speaker pointed 10 cm above the chest level (Figure 3.4B) and 31 ms when
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Figure 3.4: Cumulative Distribution functions (CDFs) of absolute error in R-R intervals in

different sessions with healthy participants

the speaker pointed at an angle of 20 degrees from the chest (Figure 3.4C). This demonstrates

that our adaptive beamforming algorithm provided some tolerance to imperfect alignments

of the smart speaker system. The algorithm is also resilient to larger angles with the smart

speaker placed to the left and right of the participant; the error however is high when placed

behind the participant, facing their back.

Figure 3.4D shows that background music increased the median error from 25 ms to
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32 ms; this is likely due to residual high frequency components and non-linearity of the

phone emitting the music. Since breathing is more pronounced after exercise, it can create

larger amounts of interference; the median error was 32 ms after exercising, in contrast

to an error of 25 ms during the rest state (Figure 3.4E). Finally, R-R intervals for female

participants showed a median error of 30 ms versus 27 ms for male participants (Figure 3.4F).

The error also slightly increases with BMI.

3.3.3 Testing with Cardiac Patients

We also tested system performance for hospitalized cardiac patients (n = 24). Once enrolled

in the study, the patients’ existing telemetries were reviewed by a medical doctor (D.N.),

and the patients were adjudicated into either a regular rhythm category (sinus rhythm, atrial

flutter with regular conduction, ventricular paced, or atrioventricular paced) or an irregular

rhythm category (atrial fibrillation or atrial flutter with variable conduction). Table 1 shows

baseline demographic and clinical data for cardiac patients stratified by heart rhythm. Pa-

tients in the irregular rhythm cohort were more likely to have a history of atrial fibrillation

and more likely to be female. Age, BMI, reason for hospitalization, medical comorbidities,

and cardiac medications were uniform between the regular and irregular rhythm cohorts.

Since prior audiocardiography work showing poor results in extreme obese patients [163], we

excluded patients whose BMI exceeded 35 for this study but evaluated them in a separate

study described later.

To obtain ground truth heart rate and R-R interval data for comparison, half the pa-

tients were fitted with a chest-worn Polar H10 Sensor System (Polar Electro, Kempele,

Finland). Patients unable to wear the chest band due to discomfort, recent thoracic surgery,

or poor ECG signal acquisition (n = 12) were fitted with a fingertip-worn CorSense moni-

tor (Elite HRV, Asheville, North Carolina, USA). These data were downloaded in real time

to a Bluetooth-connected smartphone using the HRV+ mobile app (Elite HRV, Asheville,

North Carolina, USA). The rationale behind this method is that hospital telemetry soft-

ware does not allow for digitalization and storage of the R-R interval data. Previous studies
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Figure 3.5: Overall performance for hospitalized cardiac patients

have demonstrated portable heart rate variability (HRV) devices to have acceptable error

compared to gold standard ECG monitoring [80].

Patients were positioned sitting vertically on the hospital beds in their own room and

the smart speaker system was placed around 50 to 60 cm from them, with the speaker inlet

pointed at the chest at the level of the nipple. Ambient noise sources (e.g., television) were

turned off and family members and visitors of patients who were required to stay in the

room were asked to sit at least 2 meters away from the smart speaker during the sessions.
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Data was acquired from the smart speaker system in five sessions, each lasting 60 seconds.

During each session, patient were instructed to remain still. All patients tolerated the data

acquisition process; however, data acquisition was prematurely terminated for one patient

due to developing nausea related to a prior medical condition.

Figure 3.5A,B show system performance in computing the average heart rate across all

cardiac patients. The median absolute error in the heart rate was 2 beats per minute, with

a 90th percentile error of less than 3 beats per minute. For R-R intervals, the intra-class

correlation coefficient (ICC) and concordance correlation coefficient (CCC) were 0.901 and

0.898, respectively (Figure 3.5C). The median absolute error in the R-R intervals was around

30 ms, with a standard deviation of 67.2 ms, and the 90th percentile error was less than 93 ms

(Figure 3.5D). The mean absolute error in the R-R intervals as a percentage of the ground

truth R-R interval was 4.0% with a standard deviation of 7.6%.

Focusing on irregular heart beats, the mean absolute R-R interval error among patients

with atrial fibrillation instances was 35 ms with intra-class correlation (ICC) and concordance

correlation coefficients (CCC) of 0.891 and 0.890, respectively. Higher median R-R intervals

correspond to higher 90-percentile error. There was no noticeable decrease in accuracy among

those with irregular rhythms compared to those with regular rhythms. Within the context

of clinical practice, it is unlikely that this magnitude of error would result in diagnostic

errors for detecting atrial fibrillation where R-R interval variation less than 50 ms is often

not clinically important. In atrial fibrillation, the R-R interval widely varies from beat to

beat and standard deviations range between 95-233 ms in different physiological states [57].

Proper diagnosis of rhythm disorders relies on the ability to detect temporally disparate R-R

intervals, rather than precise R-R interval measurement.

The time series plots in Figure 3.6A-E show the R-R intervals for atrial fibrillation in-

stances. Both ground truth and smart speaker data showed noticeable variation in R-R

intervals, which is indicative of irregular heart beats. Figure 3.6F shows an instance of res-

piratory sinus arrhythmia where both data streams showed that the R-R interval duration

decreased with inspiration and increased with expiration. Figure 3.6G corresponds to a pa-
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Figure 3.6: Example plots showing the time series of R-R intervals for (A-E) five atrial

fibrillation patients, (F) a patient with respiratory arrhythmia and (G-H) two patients

with sinus rhythm without arrhythmia.
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tient with an implanted permanent cardiac pacemaker and a paced rhythm. The patient in

Figure 3.6H had an intrinsic rhythm (non-paced rhythm) and this patient had mild varia-

tions in the R-R intervals with a standard deviation less than 10 ms. This low level of heart

rate variability is not uncommon. We collected data from patients in the cardiac floor of

our tertiary care medical center with a variety of cardiac conditions, which included cardiac

conduction disorders, arrhythmias, cardiomyopathy as well as valvular disorders. Many of

these cardiac conditions directly or indirectly affect the heart rate variability. Respiratory

sinus arrhythmia, which is a major cause of heart rate variability becomes less common

with age [128] and is less prevalent in patients with diabetes due to autonomic neuropa-

thy [204]. Our hospitalized population had a mean age of 63.2 years in the regular rhythm

group and 68.0 in the irregular rhythm group, and there were a total of 5 out of 24 patients

with diabetes. In addition, medications that influence vagal tone, such as beta blockers,

digoxin, opiate pain medications may decrease sinus arrhythmia [215]. Our sample of hospi-

talized cardiac patients often had multiple factors which could reduce heart rate variability

(Figure 3.6G,H).

3.3.4 Effect of Extreme Obesity

The above study excluded cardiac patients with a BMI greater than 35. Next, we evaluated

the algorithm’s performance for five extreme obese hospitalized cardiac patients with BMIs

between 36 to 40.4 (median BMI of 38.6). Our algorithm could extract cardiac rhythm signals

for only one of these five participants, likely because excessive adipose tissue dampens motion

of the heart at the body’s surface. This effect has also been shown in the past to limit

the use of audiocardiography [163] and optical vibrocardiography [164] for cardiovascular

examination of the severe obese. These findings are in line with our results with healthy

participants, where the error was slightly higher for female participants (Figure 3.4F).
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3.4 Discussion

Smart speaker technology is rapidly evolving and may provide a reliant and convenient plat-

form for the next generation of health monitoring solutions [69, 233]. Indeed, the increasing

adoption of smart speakers in hospitals [203] and homes [21] could provide a means to realize

the potential for our contactless cardiac rhythm monitoring system.

The ability to monitor cardiac rhythm using smart speakers raises privacy concerns. The

short-range nature of active sonar, however, can protect privacy since it requires the direct

engagement and implicit consent of the user, who must be within a meter of the speaker

and stay still. The 18–22 kHz acoustic frequencies we use in our system also contain little

information about audible sounds in the environment. Finally, smart speaker manufactur-

ers do not give third party app developers access to raw acoustic signals from individual

microphones. Consequently, the smart speaker manufacturers can implement and deploy

this capability in a manner that balances the needs and concerns of patients, health care

providers and privacy advocates.

Certain differences between healthy participants and cardiac patients may impact the

fidelity of heart rate and R-R interval acquisition using smart speakers in patients with car-

diovascular disease. Patient factors that alter arterial vessel and ventricular compliance, and

medical treatments that alter thoracic anatomy and ventricular contractility, are more preva-

lent in hospitalized cardiac patients. For instance, increased age and hypertension both cause

blood vessel stiffening via vessel fibrosis, collagen deposition, and elastin degradation within

the vessel wall [113], which subsequently reduce pulse wave velocity and radial vessel mo-

tion. Patients with hypertension or coronary artery disease may develop increased ventricular

stiffness in a process known as diastolic dysfunction[195]. Our cohort had several patients

with advanced congestive heart failure and reduced ventricular function; these patients may

have displaced and diminished apical impulses due to left ventricular dilation[147] and are

often on medications that further reduces cardiac contractility, such as beta blockers and

antiarrhythmic drugs. Lastly, patients recovering from cardiogenic shock or advanced heart
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failure who received a heart transplant as part of their treatment may have distorted thoracic

anatomy due to acute or chronic post-surgical inflammatory changes. These anatomical and

physiologic differences may explain the performance variation of our smart speaker system

between healthy patients and patients with cardiovascular diseases.

Our study has the following limitations. Our beamformer algorithm assumes that the

average heart rate falls in the 60-150 beats per minute range. This is not a hard threshold

and our band-pass filter can detect cardiac signals between 50–60 beats per minute (Fig-

ure 3.3A). If the heart rate is much lower, it may however not detect any cardiac signal or

may amplify spurious noise. Like doppler radar [146] and optical vibrocardiography [245],

our system requires participants to remain still for the duration of the examination and

assumes that the measuring device neither moves nor is prone to vibrations. Movements

can affect the ability to extract the cardiac rhythm. Performance results with the healthy

cohort showed the system’s reliability across diverse participant clothing, which included a

single layer of shirts and tops that were not tightly fit; and many of the hospitalized pa-

tients wore loose gowns. While loose clothes can affect accuracy, the degradation was not

drastic: the median and 90 percentile absolute R-R interval errors changed from 24 ms to

26ms and 84ms to 80ms respectively for two participants who participated with both tight

and loose clothes. However, multiple layers of clothing can limit the ability to extract heart

motion since sound attenuates through thick fabric. Since we eliminate echoes at distances

greater than one meter, family members of the hospitalized cardiac patients could be in the

same room during the study. At this time, our system is designed for spot monitoring of

a single participant. Further hardware and software enhancements could enable continuous

monitoring. To improve signal strength and range, the smart speaker hardware may need

directional tweeter which can rotate to the direction of interest as well as speakers with a

better response at the target frequencies and microphones with higher sampling rates and bit

resolutions. New smart speaker models have rotatable directional tweeter capabilities (e.g.,

Amazon Echo Show 10) and have microphones and speakers that are designed to operate at

the target frequencies; in contrast our hardware has a 10-15 dB degradation at 18-22 kHz.
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Multiple participants could be supported using FMCW algorithms that use breathing mo-

tion to track the location of each participant and then separate cardiac signals from different

distances [173].

Our smartspeaker prototype has a sampling rate of 48 kHz and uses 18–22 kHz acoustic

transmissions which are generally inaudible to adults but can be audible to the younger pop-

ulation. Commercial smart speakers like Google Nest support acoustic frequencies between

25–30 kHz, which are inaudible across the age spectrum and could be used to enable cardiac

rhythm monitoring using our algorithms. Frequencies higher than 30 kHz require specialized

hardware and also limits the range of the system. The World Health Organization recom-

mends a noise limit of 85 dB(A) over an average duration of 8 working hours [92]. Our

exposure intensity was 75 dB, which is approximately 66 dB(A) at 20 kHz and 50 cm, is

much less than that. Short-time exposure to high frequency also does not affect the hearing

capability of infants [109]. Pets have even higher sensitivity to ultrasound as high as 64

kHz [19] and sound around 40 kHz can potentially interrupt their sleep [223] and cause feline

audiogenic reflex seizures for cats [154]. However sounds in the 18-30 kHz are not known

to affect animals. Prior active sonar studies report that 18–22 kHz FMCW signals did not

elicit reaction from dogs [172].

Radar-based systems use radio signals with large bandwidth and use custom hardware

that is not pervasive in smart speakers. Prior radar-based studies report a median R-R

interval error of 8-44 ms for healthy participants [187, 258, 241, 104] and 186 ms for cardiac

patients with atrial fibrillation [146]. Our sound-based system instead uses active sonar

algorithms, hardware that is pervasive in smart speakers, and is designed to achieve low

errors for both regular and irregular rhythm. Finally, ECG captures the electrical activity

in the heart that includes information about the P-wave, QRS complex, and T-wave. Our

system is limited to providing the heart rate and R-R intervals. The R-R intervals can also be

identified visually using a single-lead ECG signal. In contrast, the cardiac motion appears

in both the in-phase and quadrature components of the active sonar signal and requires

computationally combining both these components to compute R-R intervals.
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We build on prior work that uses ultrasonic devices [124, 46]. These systems use custom

hardware with ultrasound frequencies and sampling rates not supported by commodity smart

speakers, transmit signals at a sound pressure level of 105 dBm at 30cm [46], which is about

300 times higher than that used by our prototype, achieve a limited range of 10–20 cm and

have not been clinically evaluated. Our system addresses these limitations and shows the

feasibility of non-contact monitoring of individual heart beats in both healthy and cardiac

patients using smart speakers.

In summary, we presented a proof-of-concept system that can extract cardiac rhythm

data using smart speakers. The ability to compute R-R intervals and heart rate variabil-

ity has proven to be clinically useful in distinguishing between atrial fibrillation and sinus

rhythm [149]. It has also been used to monitor stress, anxiety and the general health of the

autonomic nervous system [116]. Further studies are required to determine the technology’s

utility for these and other potential scenarios.
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Regular Rhythm (N=18) Irregular Rhythm (N=6)

Baseline Characteristics, mean ± SD

Age (years) 63.2± 13.4 68.0 ± 7.6

Height (cm) 172.5± 8.0 174.2 ±14.0

Weight (kg) 82.0± 17.6 74.0 ±18.3

BMI (kg/m2) 27.5± 5.0 24.3 ±4.7

Female (n, %) 2 (11.1%) 2 (43.3%)

Reason for Admission, n ( %)

Acute Coronary Syndrome

Heart Failure Exacerbation

Cardiogenic Shock

Valve Disease

Other

4 (22.2)

5 (27.8)

4 (22.2)

1 (5.6)

4 (22.2)

0 (0.0)

4 (66.7)

1 (16.7)

1 (16.7)

0 (0.0)

Comorbidities, n ( %)

Hypertension 8 (44.4) 3 (50.0)

Hyperlipidemia 6 (33.3) 2 (33.3)

Atrial Fibrillation 6 (33.3)* 6 (100.0)

Atrial Flutter 1 (5.6) 0 (0.0)

Conduction System Disease 3 (16.7) 1 (16.7)

Coronary Artery Disease 6 (33.3) 1 (16.7)

Diabetes Mellitus 4 (22.2) 1 (16.7)

Congestive Heart Failure 14 (77.8) 5 (83.3)

Valvular Disease 7 (38.9) 4 (66.7)

Heart Transplant 2 (11.1%) 0 (0.0%)

Stroke/Transient Ischemic Attack 4 (22.2) 2 (33.3)

Obstructive Sleep Apnea 3 (16.7) 2 (33.3)

Chronic Kidney Disease 6 (33.3) 1 (16.7)

Smoker

Current

Former

2 (11.1)

3 (16.7)

0 (0.0)

3 (50.0)

Medications, n ( %)

ACE Inhibitor 4 (22.2) 1 (16.7)

Angiotensin Receptor Blocker 3 (16.7) 2 (33.3)

Aldosterone Antagonist 5 (27.8) 2 (33.3)

Loop Diuretic 8 (44.4) 3 (50.0)

Beta Blocker 10 (56.6) 2 (11.1)

Calcium Channel Blocker 1 (11.8) 2 (28.6)

Antiarrhythmic Drug 0 (0.0) 0 (0.0)

Statin 12 (66.7) 2 (33.3)

Digoxin 3 (16.7) 0 (0.0)

Oral Anticoagulant 7 (38.9) 5 (83.3)

Aspirin 9 (50.0) 3 (50.0)

Table 3.1: Demographic information for hospitalized cardiac patients. *These are atrial fibrilla-

tion patients but at the time of data acquisition they were noted to be in regularized rhythm.
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Chapter 4

PUSHING THE LIMITS OF ACOUSTIC MOTION TRACKING

4.1 Introduction

Device localization and motion tracking has been a long-standing challenge in the research

community. It is a key component in Virtual Reality and Augmented/Mixed Reality applica-

tions and enables novel human-computer interactions including gesture and skeletal tracking.

Traditionally, specialized optical methods such as lasers and infrared beacons have been used

to localize VR headsets and controllers. This includes commercial systems like the HTC Vive

VR, Oculus Rift and Sony PlayStation VR [6, 14, 18]. These optical tracking solutions, how-

ever, require separate expensive beacons to emit infrared signals and transceivers to receive

and process data. Existing devices like smartphones lack these transceivers and hence are

unsuitable for such techniques.

Acoustic-based localization and tracking methods have recently emerged as an attractive

alternative to optical systems [185, 256]. Speakers and microphones, used for emitting and

receiving acoustic signals, are cheap and easy to configure. Furthermore, commodity smart-

phones and smart watches already have built-in speakers and microphones, which makes

acoustic tracking an excellent fit for such devices. As shown in Fig. 4.1(a), a simple micro-

phone array could act as a beacon to enable 3D location tracking for the Google cardboard

VR system. Conversely, instead of carrying around additional devices (e.g., HTC IR bea-

cons) to enable tracking for VR headsets, one could reuse existing smartphones as beacons

to enable 3D localization and motion tracking.

State-of-the-art acoustic motion tracking systems [159, 252] however do not adequately

meet the requirements of VR/AR applications for three main reasons.

• Tracking accuracy. Acoustic signals suffer from multi-path where the signal reflects off
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a)

Mic

Speaker

b) c)

Figure 4.1: Application scenarios: a) tracking a Google cardboard VR using a small mi-

crophone array; b) Tracking the 3D position of VR/AR headsets using a smartphone as a

beacon. Using the transmissions from the smartwatch to then track it w.r.t. the headset; c)

Concurrently tracking multiple devices with a single microphone array at a high per-device

frame rate.

nearby surfaces before arriving at the receiver. Thus, existing 1D acoustic tracking accuracy

is 5-10 mm [159], which is much worse than optical systems and may cause motion sickness

with prolonged use [42].

• Microphone/speaker separation. 3D tracking requires triangulation from multiple micro-

phones/speakers, which when placed close to each other limits accuracy. Prior work that

tracks smartphones uses multiple speakers separated by 90 cm [159], making them difficult

to integrate into VR/AR headsets. Conversely, using a 90 cm beacon for Google cardboard

VR is unwieldy and limits portability.

• Concurrency. Tracking multiple headsets remains a challenge with existing designs. A

näıve approach is to time multiplex the acoustic signals from each device. This however

reduces the frame rate linearly with the number of devices.

We present MilliSonic, a novel system that pushes the limits of acoustic based motion
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tracking. Our core contribution is a novel localization algorithm that can achieve sub-

millimeter 1D tracking accuracy in the presence of multipath, while using only a single

beacon with a 4-microphone array. To achieve this, like prior designs [159, 83], MilliSonic uses

FMCW (frequency modulated continuous wave) acoustic transmissions where the frequency

linearly increases with time. Prior designs use FMCW to separate reflections arriving at

different times by mapping time differences to frequency shifts. However, given the limited

inaudible bandwidth on smartphones, the ability to differentiate between close-by paths using

frequency shifts is limited, thus, limiting accuracy. Our algorithm instead leverages the phase

of the FMCW reflections to perform tracking. We prove that this allows us to achieve sub-

millimeter 1D tracking. These high 1D accuracies allow us to reduce the separation between

microphones at the beacon and achieve millimeter-resolution 3D tracking and localization.

Finally, we show that by have devices intentionally introduce different time delays to their

FMCW signals, we can support concurrent acoustic transmissions from multiple devices,

without reducing the accuracy or frame rate for each device.

We implement our design using speakers on Android smartphones including Samsung

Galaxy S6, S7 and S9. We design 15cm×15cm and 6cm×5.35cm 4-microphone arrays using

commercial microphones and implement our real-time tracking algorithms on a Raspberry

Pi 3 Model B+1.

This paper makes the following contributions.

• We show for the first time how to achieve sub-mm 1D tracking and localization accuracies

using acoustic signals on smartphones, in the presence of multipath. To achieve this, we

introduce algorithms that use the phase of FMCW signals to disambiguate between multiple

paths.

• We enable multiple smartphones to transmit concurrently using time-shifted FMCW acous-

tic signals and enable concurrent tracking without sacrificing accuracy or frame rate.

• We present experimental results that show that MilliSonic can achieve a median 1D ac-

1https://www.raspberrypi.org/products/raspberry-pi-3-model-b-plus/
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curacy of 0.7 mm up to distances of 1 m from the smartphone. The median 1D accuracy is

1.7 mm for distances between 1 and 2 m. MilliSonic’s median 3d accuracy is around 2.6 mm.

Further, we can concurrently track up to four smartphones at a per-device frame rate of 40

frames/sec without sacrificing accuracy.

• Finally, we describe the limitations of our system and outline additional work required to

more comprehensively evaluate the system in various use case scenarios.

4.2 Application Scenarios

MilliSonic enables three key application scenarios.

• Current smartphone-based VR headsets (e.g., Google Cardboard) do not have 6DoF mo-

tion tracking capability. This is because of the lack of optical transceivers, which limits

their usage. MilliSonic enables 6DoF motion tracking capability for smartphone-based VR

headsets using only a cheap and small microphone array as a beacon, without requiring any

hardware modifications at the smartphone.

• Millisonic can transform the smartphone into a portable beacon for VR tracking. Specif-

ically, instead of requiring the user to carry optical beacons for VR headsets to enable use

in different environments, a smartphone can be used as a portable beacon. To do this,

manufacturer can integrate a cheap microphone array into the VR/AR headset. Using this

microphone array, the VR headset can also track the motion of other acoustic-enabled devices

such as smart watches.

• MilliSonic can support concurrent tracking of an unlimited number of microphone arrays

(i.e., VR headsets) in the vicinity of a single speaker (i.e., a smartphone). Furthermore,

it can also support up to four speakers (i.e., smartphone VR headsets) in the vicinity of a

microphone array without sacrificing accuracy or frame rate.
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4.3 MilliSonic Design

We first present background on existing FMCW tracking systems and show why they have a

limited accuracy for acoustic tracking. We then present our algorithm that uses the FMCW

phase to achieve sub-mm 1D tracking. We then describe how to perform 3D tracking using

the 1D locations using multiple microphones. Finally, we address various practical issues.

4.3.1 FMCW Background

Acoustic tracking is traditionally achieved by computing the time-of-arrival of the trans-

mitted signals at the microphones. At its simplest, the transmitted signal is a sine wave,

x(t) = exp(−j2πft) where f is the wave frequency. A microphone at a distance of d at the

transmitter, has a time-of-arrival of d = td × c where c is the speed of sound. The received

signal at this distance can now be written as, y(t) = exp(−j2πt(t− td). Dividing by x(t), we

get ŷ(t) = exp(j2πftd). Thus, the phase of the received signal can be used to compute the

time-of-arrival, td. In practice, however, multipath significantly distorts the received phase

limiting accuracy.

To combat multipath, prior work [159, 173] uses Frequency Modulated Continuous Wave

(FMCW) chirps where as shown in Fig. 4.2 the frequency of the signal changes linearly with

time. FMCW has good autocorrelation properties that allow the receiver to differentiate

between multiple paths that each have a different time-of-arrival. Further compared to

OFDM [174] and other waveforms [239], FMCW has high spectral efficiency and is ease of

demodulate. Mathematically, the FMCW signal in Fig. 4.2 is, x(t) = exp(−j2π(f0+ B
2T
t)t) =

exp(−j2π(f0t+
B
2T
t2)), where f0, B and T are the initial frequency, bandwidth and duration

of the FMCW chirp respectively. In the presence of multipath, the received signal can be

written as, y(t) =
∑M

i=1Aiexp(−j2π(f0(t− ti) + B
2T

(t2 + t2i − 2tti))), where Ai and ti = di(t)
c

are the attenuation and time-of-flight of the ith path. Dividing this by x(t) we get,

ŷ(t) =
M∑
i=1

Aiexp(−j2π(
B

T
tit+ f0ti −

B

2T
t2i )) (4.1)
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T
Figure 4.2: FMCW signal structure.

The above equation shows that multipath with different times-of-arrival fall into different

frequencies. The receiver uses Discrete Fourier Transform (DFT) to find the first peak

frequency bin, fpeak, that corresponds to the line-of-sight path to the transmitter. It then

computes the distance to the receiver as, d(t) =
cfpeak
B

.

While this conventional FMCW processing is effective in disambiguating multiple paths

that is separated by large distances, it has a limited accuracy when the multiple paths are

close to each other. Specifically, the minimum distance resolution for FMCW is in the order of

c
B

when the separation between frequencies is 1 Hz. Given that smartphones have a limited

inaudible bandwidth of 7 kHz between 17-24 kHz, prior work cannot distinguish between

paths that are close to the direct line-of-sight path and hence have a limited accuracy [159,

185]. Further, since DFT operations are performed over a whole chirp duration, it limits the

frame rate of the system to 1
T

, where T is the FMCW chirp duration.

4.3.2 Sub-mm 1D tracking using FMCW phase

We use phase of the FMCW signals to compute distance. Thus, instead of using the first

peak frequency of the FMCW signal in the frequency domain to estimate the time-of-arrival,

our algorithms has two key steps: 1) we apply a dynamic narrow band-pass filter in the

time-domain to filter out most multipath that has a distant time-of-arrival from the direct

path. This leaves us only a small portion of residual indirect paths around the direct path.

2) We then extract the distance information from the instantaneous FMCW phase.
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Intuition. We provide the intuition for why FMCW phase provides a better accuracy

than existing FMCW approaches.

Traditional FMCW approaches. Let us first understand the error in traditional peak

estimation method for FMCW signals. Tracking error occurs when we have two paths that

are without a single frequency bin. Let us denote the time-of-arrival of the direct path

as t1 and its frequency in the demodulated FMCW signal as ft1 . An indirect path with

a time-of-arrival of t2 lies at frequency ft2 in the demodulated signal. When |ft1 − ft2 | <

1, the two peaks merge together in the frequency domain resulting in a single peak at

approximately (A2ft2 + A1ft1)/(A2 + A1), where A1 and A2 are the amplitude of the direct

path and the total amplitude of the residual indirect paths. Hence, the frequency error is

(A2ft2 + A1ft1)/(A2 + A1) − ft1 which is equivalent to a distance error given by, d
(peak)
e =

(
A2ft2+A1ft1
A2+A1

− ft1) c
B

= (ft2 − ft1)/(1 + A1

A2
) c
B

. This error increases linearly with ft2 − ft1 and

proportionally increases with A2

A1
.

Our method. In contrast, the error in the phase of the FMCW signal is significantly

smaller. To see this, let us assume that the amplitude of the residual indirect paths after

filters have a lower amplitude than the direct path. As shown in Fig. 4.3, the complex

representation of the direct path is represented by the blue vector while that of the sum of

indirect paths is represented by the red vector. The sum of the two vectors is the resulting

signal at the receiver which is represented by the green vector. The maximum phase error

occurs when the red vector is perpendicular to the green vector and this corresponds to a

phase error of sin−1(A2

A1
). The key observation is that this error does not depend on ft2 − ft1

and increases much slower at sin−1(A2

A1
).

Fig. 4.4 shows that distance error as a function of A2/A1 and |ft2−ft1| for both traditional

peak estimation techniques as well as our FMCW phase method. The plots show that the

distance errors using peak estimation is severely affected by the time-of-flight of the indirect

paths. In contrast, the distance error using our FMCW phase technique is around 10x lower.

Specifically, our 1D tracking algorithm has two main components.

1) Adaptive band-pass filter to remove distant multipath. For the first FMCW chirp, we
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extract the first peak of the demodulated signal in the frequency domain using an DFT

similar to prior designs from Eq. 4.1. We then apply a Finite Impulse Response (FIR) filter

that only leaves a narrow range of frequency bands around the peak. We adaptively set the

delay of the FIR filter from the SNR of the acoustic signals. Specifically, when SNR > 10dB,

we use a 15ms delay; otherwise, we double the delay to 30ms.

For subsequent FMCW chirps we no longer use the DFT to extract the peak frequency.

Instead, for the i + 1th FMCW chirp, we infer the new peak from the distance and speed

estimated at the end of the ith chirp. We then apply the FIR filter around this new peak.

Given the distance d
(i)
end and speed v

(i)
end estimated from the end of the ith chirp, we can infer

the distance of the beginning of the current chirp d̂
(i+1)
start = d

(i)
end + v

(i)
endδT where δT is the gap

between two chirps. We do this for two key reasons: a) our distance estimates are far more

accurate than the peak of the DFT result; and b) unlike a DFT that is performed over a

whole FMCW chirp, we do not require receiving a full FMCW chirp before processing, thus

reducing the frame rate.

Finally, Doppler effects can blur the peak in the frequency domain. So, we adaptively

increase the width of the pass band in the FIR filter when the speed estimate at the end of

the previous chirp exceeds a given threshold. In our algorithm, we set the pass band width

to 1Hz when the speed does not exceed 1m/s; otherwise, we set the pass band width to

2Hz.

2) Extracting distance from FMCW phase. The above process eliminated all multipaths

that have a much larger time-of-flight than the direct path. This leaves us with residual

indirect paths around the direct path. Thus, when there is no occlusion, the sum of the

residual indirect paths has a lower amplitude than the direct path (confirmed empirically).

To extract the distance from the phase value, we approximate the effect of residual

multipath after filtering. From Eq. 4.1, we approximate the phase as,

φ(t) ≈ −2π(
B

T
ttd + f0td −

B

2T
t2d) (4.2)

Where td is the time of arrival of the direct path. The approximation assumes that we
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have already applied the dynamic filter to remove most multipath that has a much larger

time-of-arrival distance than the direct path. The above quadratic equation in td(t, φ(t))

can be uniquely solved; the equation has two solutions but only one is in the range of the

FMCW chirp, [0, T ]. The distance d(t, φ(t)) can then be computed as, ctd(t, φ(t)). We note

the following about the distance error.

Lemma 4.3.1. Given the phase error bound of sin−1(A2

A1
) from Fig. 4.4, the error in our

distance estimate, d(t) is upper bounded by sin−1(A2/A1)c
2π(f0−B/2)

, where f0 and B are the FMCW

parameters.

Proof. First we show that the function φ(t, td) in Eq. 4.2 is convex with respect to td, which

is the time-of-arrival. This is because the first derivative is given by, dφ(t,td)
dtd

= −2π(B
T
t +

f0 − B
T
td) < 0, when td < T . Further its second derivative d2φ(t,td)

dt2d
= 2πB

T
> 0 resulting in a

convex function.

Suppose an phase error φe would introduce a time-of-arrival error of te because of mul-

tipath. Without loss of generality, we assume φe > 0. we know that for any t for a

convex function, φ(t, td) > φ(t, td + te) − dφ(t,td+te)
dtd

te. Thus the error in the phase φe =

φ(t, td) − φ(t, td + te) can we written as, φe > −dφ(t,td+te)
dtd

te. This can be rewritten as,

te <
φe

− dφ(t,td+te)

dtd

= φe
2π(B

T
t+f0−BT (td+te))

. The upper bound for this equation occurs when t = 0

and td+ te is maximum. Since the maximum delay permitted by our FMCW signal is half its

duration, this occurs when td+ te = T
2
. First from Lemma 2.1, we know that φe < sin−1(A2

A1
).

Thus the above equation is upper bounded as: te <
sin−1(

A2
A1

)

2π(f0−B2 )
. Thus, d

(phase)
e <

sin−1(
A2
A1

)c

2π(f0−B2 )
.

4.3.3 3D tracking from 1D locations

The above FMCW phase technique allows us to achieve sub-mm resolution in estimating

1D distances. To achieve 3D tracking we use information from multiple microphones to

perform triangulation. We use multiple microphones instead of speakers to reduce the power
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consumption as well as to eliminate the complexity of multiplexing the multiple speakers.

Since our 1D resolution is high we can also reduce the separation between the microphones

while achieving a good 3D accuracy. Specifically, we place four microphones at four corners

of a rectangle. We have two pairs of microphones in the vertical position and the other two

pairs in the horizontal position. Thus, by computing the intersection of all the resulting 1D

positions, we can compute the 3D location.

We note that the accuracy of triangulation is dependent on the distance from the micro-

phone array as well as the separation between the microphones. Specifically, as the distance

from the microphone array increases, the resulting 3D accuracy become worse. Similarly, as

the separation between microphones increase the 3D accuracy improves, which is why prior

work uses a microphone separation of 90 cm [159]. In our solution, since we already achieve

sub-mm 1D resolution, we can reduce the separation between microphones to fit the form-

factor of VR headset and still achieve good 3D tracking accuracies upto 2 m. To improve the

accuracy and reduce jitters at larger distances, we average the 3D distance measurements

within each 10ms duration. Incorporating the 15ms latency of the band-pass filter, we get

one distance value every 25ms or a frame rate of 40 frames per second.
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4.3.4 Addressing practical issues

We describe the practical issues in designing MilliSonic.

1) Phase ambiguity. Any phase tracking algorithm has to address the problem of phase

ambiguity. Specifically, we can only extract the phase modulo 2π from the demodulated

chirp (φ̂(t) = φ(t) mod 2π). This leads to two problems: a) how to detect any modulo

2π shifts during a single chirp; and b) how to estimate the initial 2Nπ phase offset, i.e.,

φ(0) = 2Nπ + φ̂(0) at the beginning of each chirp.

Because of the band-pass filter, adjacent samples does not have a phase difference of

more than π. The phase error caused by residual indirect paths is bounded to (−π/2, π/2).

Thus, when the phase modulo 2π sees a sudden jump of more than π/−π between adjacent

samples at t and t − δt, there is a modulo 2π jump at that time, which we can correct by

adding or subtracting 2π to the computed phase.

To compute the initial 2Nπ phase offset at the beginning of each chirp, we use the

estimated distance and speed from the end of the previous chirp. Instantaneous speed is

computed by performing least square linear regression (which is a linear algorithm in 1D

domain) over the distance values in a 10 ms window to reduce the effects of noise and

residual multipath.

Specifically, for the i+1th received chirp, given the distance d
(i)
end and speed v

(i)
end estimated

from the end of the ith chirp, we can infer the distance of the beginning of the current

chirp d̂
(i+1)
start = d

(i)
end + v

(i)
endδT where δT is the gap between two chirps. We then find the

2Nπ offset in addition to the ambiguous initial phase φ̂(0) that minimize the difference

|d(i+1)(0, φ̂(0) + 2Nπ) − d̂(i+1)
start |. Note that this relaxes the constraints on speed imposed by

prior work [159] and instead has a constraint on acceleration. Specifically, prior work [159]

had a constraint on the maximum speed of 1 m/s. In our algorithm, since each 2π difference

of the phase corresponds to around 2 cm distance difference, any error smaller than 1cm will

not cause an erroneous 2Nπ estimate. The gap between two adjacent chirp is 5 ms and the

delay of the band-pass filter is 15 ms. Hence, as long as the acceleration does not exceed
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Figure 4.5: Supporting concurrent transmissions using virtual time-of-arrival offsets at each

VR headset.
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= 25m/s2, our algorithm does not introduce erroneous phase offsets.

2) Clock synchronization. Clock differences exist in practice which we need to calibrate

to achieve tracking. Specifically, we need to calibrate for the initial phase as well as any drift

due to clock differences. To achieve this, at the beginning of the session, the user touches

the smartphone speaker with a microphone at the receiver. The receiver meanwhile starts

recording the chirp for five seconds and runs the above tracking algorithm. Using this setup,

we use autocorrelation to determine a starting time for the chirp at the receiver. Because in

this setup, at zero distance, the signal has a high SNR, there is no motion and little indirect

path, the estimate of the distance from the peak of the FFT result, denoted by D, is accurate.

As a result, we can find the initial 2Nπ phase offset from D. Specifically, we find the best

2Nπ which minimizes the differences of the two measurements |D−d(0, φ̂(0)+2Nπ)|. Finally,

to address the clock drift, the receiver detects a constant drift in the distance measurement

within the five seconds which is linear to the clock difference. We then compensate the clock

difference by removing this drift for the following measurements at the receiver side.

In tracking scenarios that require long-term stability, RF-based synchronization can be

additionally applied to reduce long-term drift. This requires both transmitter and receiver

to be Bluetooth-enabled. For example, the synchronization mechanism can be implemented

on the Nordic NRF52840 chipset to achieve microsecond level clock accuracy2.

2https://devzone.nordicsemi.com/nordic/short-range-guides/b/bluetooth-low-energy/

posts/wireless-timer-synchronization-among-nrf5-devices

https://devzone.nordicsemi.com/nordic/short-range-guides/b/bluetooth-low-energy/posts/wireless-timer-synchronization-among-nrf5-devices
https://devzone.nordicsemi.com/nordic/short-range-guides/b/bluetooth-low-energy/posts/wireless-timer-synchronization-among-nrf5-devices
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3) Failure detection and recovery. Our algorithms relies on continuous tracking. When

tracking failure occurs, the subsequent measurements are also prone to errors. In practice,

failures occur due to occlusions and noise.

While acoustic signal can penetrate some occlusions like fabrics, for other occlusions

like wood and human limbs, refraction between different transmission mediums causes a

dense multipath around the direct path which is also greatly attenuated. Therefore, the

above algorithm fails because it doesn’t satisfy the premise that the direct path dominates

the filtered demodulated signal. When such error happens during a chirp, it will cause

fluctuations in phase. Thus, there would be multiple 2π phase tracking error during the

chirp, leading to a larger than 2cm distance error at the end of the chirp. When the error

happens between two chirps, it will lead to wrong 2Nπ estimate that causes larger than

2cm error for the subsequent chirps. Similarly at longer ranges the signal attenuates which

results in noisy phase measurements which can also lead to wrong 2Nπ estimates.

To detect these failures, we utilize the redundancy across the microphones. It is unlikely

that all the four microphone encounter the same extra phase error at the same time because

of their different locations. Hence, if the measurements from some of the four microphones

are outliers with at least 2cm measurement errors from the others, it indicates an error.

When such a failure is detected, if the anomaly is only in one microphone, the receiver

compensates the 2π offset until it is in the similar range of the other three microphones. If

sustained failures occurs (which rarely happens), our algorithms fall back to the traditional

peak estimation method for FMCW signals and notify the user.

4) Motion detection. In scenarios where the motion is temporally sparsely distributed, it

is essential to have the capability to detect the motion episodes to not only further reduce

the drift error, but also potentially reduce the computational overhead for further processing.

We split the distance sequence into segments of a few seconds, where for each segment, we

compute its linear approximation using linear regression, and calculate the residual L2:
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Figure 4.6: Illustration of motion episode detection and drift compensation

(a) 6cm× 5.35cm (b) 15cm× 15cm

Figure 4.7: Prototypes of MilliSonic microphone arrays.

4.4 Tracking multiple devices

The algorithm described above is unidirectional in that signals can only propagate from the

speaker to the microphones. Because of this, MilliSonic can support tracking of an unlimited

number of microphone arrays in the vicinity using a one single smartphone speaker. Thus

a single speaker can be used as a beacon to support tracking for multiple VR headsets that

integrate our microphone array.

On the other hand, tracking multiple smartphone-based VR headsets like the Google

cardboard using a single microphone array is challenging since it involves transmissions

from multiple smartphones. Traditionally, wireless systems support multiple transmissions

using either time-division multiplexing or frequency-division multiplexing. In time-division
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multiplexing, since each smartphone speaker is only allowed to use a fraction of the time, it

translates to a lower refresh rate that is inversely proportional to the number of smartphones.

Using frequency-division multiplexing is challenging given the limited inaudible bandwidth

on smartphones and since the accuracy depends on the bandwidth.

To achieve concurrent transmissions from all the smartphone speakers, we note that from

Eq. 4.1, any two received FMCW paths with a time-of-arrival difference of δt, would lie

in a different FFT bin. This indicates that two devices that have significantly different

time-of-arrivals are at distant FFT bins and hence can be concurrently decoded.

We utilize this to support concurrent transmissions from multiple speakers. The challenge

is that two devices can have similar time-of-arrivals. To address this issue, we introduce vir-

tual time-of-arrival offsets at each device. Specifically, at the beginning, the N smartphones

transmit FMCW chirps using time division. The receiver computes their time-of-arrivals

using our algorithm, denoted by t
(i)
d for the ith smartphone and sends back iT

2N
− t(i)d to each

transmitter i, which is the virtual offset for transmitter i, using a Wi-Fi connection. The

transmitter i then intentionally delays its transmission by its virtual offset. The receiver

picks these offsets to ensure that they are equally separated across all the FFT bins. This

allows concurrent speaker transmissions.

Now at the receiver, there exist N separate peaks evenly distributed in the frequency

domain, which corresponds to N evenly distributed time-of-arrivals, where the ith time-

of-arrival is from the ith transmitter. The receiver can regard transmissions from other

transmitters as multipath. Because of the orthogonality, they are filtered out by the band-

pass filter at the first step. It can then track the phase of each of them using five different

band-pass filters without losing accuracy nor frame rate. After calculating the time-of-arrival

of the signal from each speaker, it subtracts the virtual offset from it and obtains the final

distance computation.

We note that because of motion, over time, the time-of-arrivals for multiple speakers can

merge together. This would prevent the receiver from tracking all the devices concurrently.

To prevent this, the receiver sends back a new set of virtual delays using Wi-Fi whenever the
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Figure 4.8: 1D accuracy compared with CAT and SoundTrak.

(a) System setup (b) Access Point (c) Tag

Figure 4.9: Our Reverse MilliSonic setup to track the motion of small tags

peaks between any two devices get close to each other in the FFT domain. When the virtual

delays get updated, which happens infrequently, there is an additional delay of at most one

chirp duration (45 ms), divided by the number of transmitters.

4.5 Tracking single microphone using speaker array

In some applications, we need the tracked device to be low-power and of small form factor.

However, our current setup requires one device to emit high-frequency sound which is power

consuming, while the other device need to have four microphones spatially distributed, which

cannot fit in a tag form factor. To address this limit, we alternatively implement a variant

of MilliSonic, which we call Reverse MilliSonic. In Reverse MilliSonic, we have four speakers

and a computation unit on one device, while a small, low-power device consisted of a single
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microphone, a Bluetooth chip, and an IMU sensor, as shown in Fig. 4.9A.

The system works as follows. The four speakers in the Access Point (AP) side are

synchronized to emit the same chirp, but with different timing offsets, similar to Fig. 4.5. The

Tag receives the acoustic signal and transmit the signal back to the AP using Bluetooth. Note

that the since it is single channel, the low-power bluetooth protocol support the transmission

in real time. The timing offsets are then used to filter out the four concurrent signals from the

received signal, as if there are four independent transmitter. The four concurrent signals get

processed independently and four distance measurements are calculated, which are further

used to estimate the 3D location of the Tag related to the AP.

We implement the AP using off-the-shelf components, and the Tag on custom PCBs, as

shown in Fig. 4.9B and C respectively. Specifically, on the AP side, we use a Teensy 3.6

microcontroller to control the speakers, and a Raspberry Pi 4 to do all the computation. On

the Tag side, the Bluetooth chip we use is Nordic NRF52840.

4.6 Implementation

We implement MilliSonic using Android smartphones. We build an app that emits 45 ms

17.5-23.5 kHz FMCW acoustic chirps through the smartphone speaker. We tested it using

Samsung Galaxy S6, Samsung Galaxy S9 and Samsung Galaxy S7 smartphones. We build

our microphone array using off-the-shelf electronic elements shown in Fig. 4.7. We use an

Arduino Due connected to four MAX9814 Electret Microphone Amplifiers [2]. We attach

the elements to a 20cm × 20cm × 3cm cardboard and place the four microphone on four

corners of a 15cm × 15cm square on one side of the cardboard. We also create a smaller

6 cm×5.35 cm×3cm microphone array. We connect the Arduino to a Raspberry Pi 3 Model

B+ to process the recorded samples. The software is implemented in the Scala programming

language so that it can run on both a Raspberry Pi and a laptop without modification. It

utilize multithreading to improve the performance. In our test, it requires 40ms and 9ms

to process a single 45ms chirp on the Raspberry Pi and PC, respectively. Hence, it support

real-time tracking on both platforms.
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Figure 4.11: 3D localization accuracy.

4.7 Evaluation

We first evaluate the 1D and 3D tracking accuracy in a controlled lab environment. We then

recruited ten participants to evaluate the real-world performance of MilliSonic.

4.7.1 1D Localization Accuracy.

To get an accurate ground truth, we use a linear actuator with a PhidgetStepper Bipolar

Stepper Motor Controller [15] which has an movement resolution of 0.4µm to precisely control

the location of the platform. We place a Galaxy S6 smartphone on the platform and place

our microphone array on one end of the linear actuator. At each distance location, we repeat

the algorithm ten times and record the measured distances. We also implement CAT [159]

and SoundTrak [252]. CAT combines FMCW with Doppler effect that is estimated using an

additional carrier wave and SoundTrak uses phase tracking. To achieve a fair comparison,

we implement CAT using the same 6kHz bandwidth for FMCW and an additional 16.5kHz

carrier. We implement SoundTrak using a 20kHz carrier wave. We do not use IMU data for

all three systems.

Fig 4.8(a) and (b) plot the CDF of the 1D errors for two different distance ranges.

We show the results for MilliSonic, CAT as well as SoundTrak. The plots show that our

system achieves a median accuracy of 0.7 mm up to distances of 1 m. In comparison, the

median accuracy was 4 and 4.8 for CAT and SoundTrak respectively. When the distance
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Figure 4.12: Effect of environmental motion, noise, and drift.

between the smartphone and the microphone array is between 1–2 m, the median accuracy

was 1.74 mm, 6.89 mm and 5.68 mm for MilliSonic, CAT and SoundTrak respectively. This

decrease in accuracy is expected since with increased distance the SNR of the acoustic signals

reduces. We also note that at closer distances, the error is dominated by multipath which

our algorithm is designed to disambiguate multipath accurately.

4.7.2 Effect of environmental motion and noise.

We place the smartphone at 40cm on the linear actuator. We invite a participant to randomly

move their body at a distance of 0.2m away from linear actuator. We also introduce acoustic

noise by randomly pressing a keyboard and playing pop music using another smartphone

that is around 1m away from the linear actuator. Fig 4.12a shows the error. We can see that

MilliSonic is resilient to random motion in the environment because of multipath resilience

properties. Further, since we filter out the audible frequencies, music playing in the vicinity

of our devices, does not affect its accuracy.

4.7.3 Distance drift over time.

Tracking algorithms typically can have a drift in the computed distance over time. We next,

measure the drift in the location as measured by our system as a function of time. We also
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repeat the experiment for both CAT and SoundTrak. Specifically, We place the smartphone

at 40cm on the linear actuator for 10 minutes. We place the microphone array at the end

of the actuator. We measure the distance as measured by each of these techniques over a

duration of 10 minutes which we plot in Fig. 4.12b. SoundTrak and MilliSonic uses phase

to precisely obtain the clock difference of the two devices, while CAT relies on detecting the

drift of peak frequencies, which results in a larger drift. With a few millimeter drift at 10

minutes, MilliSonic has better stability than state-of-the-art acoustic tracking systems.

4.7.4 Effect of Environments.

To verify the robustness to different environments, we additionally evaluate the 1D accuracy

in a) an anechoic chamber; b) a 200m2 lobby; and c) an outdoor open balcony; the median

error was 0.75mm, 1.11mm and 0.94mm, respectively, at a distance of 0.6m.

4.7.5 Tracking through occlusions.

Unlike optical signals, acoustic signals can traverse through occlusions like cloth. To evaluate

this, we place the smartphone on a linear actuator and change its location between 0 to 1 m

away from the microphone array. We place a cloth on the smartphone that occludes it from

the microphone array. We then run our algorithm and compute the distance at each of

the distance values. We repeat the experiments without the cloth covering the smartphone

speaker. Fig. 4.10 plots the CDF of the distance error across all the tested locations both in

the presence and absence of the cloth. The plots show that the median accuracy is 0.74 mm

and 0.95 mm in the two scenarios, showing that MilliSonic can track devices through cloth.

This is beneficial when the phone is in the pocket and the microphone array is tracking its

location through the fabric.
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4.7.6 3D Localization Accuracy

Next, we measure the 3D localization accuracy of MilliSonic. To do this we create a working

area of 0.6m× 0.6m× 0.4m. We then print a grid of fixed points onto a 0.6m× 0.6m wood

substrate. We place the receiver on one side of the substrate, and place the smartphone’s

speaker at each of the points on the substrate. We also change the height of the substrate

across the working area to test the accuracy along the axis perpendicular to the substrate.

To compare with prior designs, we run the same implementation of CAT as in our 1D

experiments. Note that while CAT [159] uses a separation of 90 cm, we still use 15cm

microphone separation for CAT. This allows us to perform a head-to-head comparison as

well as evaluate the feasibility of using a small microphone array.

(a) Infinity (b) Pac-Man (c) Heart (d) Peppa Pig

Figure 4.13: Sample drawings by participants. Green and red traces are captured by HTC

Lighthouse and MilliSonic respectively.

Fig 4.11 shows the CDF of 3D location errors for MilliSonic and CAT in a working area

across all the tested locations in our working area. The plots show that MilliSonic achieves a

median 3D accuracy of 2.6 mm while CAT has a 3D accuracy of 10.6 mm. The larger errors

for CAT is expected since it is designed for microphone/speaker separations of 90 cm.

To understand the limits of the microphone separation, we further reduce the microphone

separation to 5.35cm using a breadboard hardware prototype as shown in Fig 4.7. This

reduces the dimensions of the microphone array to approximately 6cm × 6cm × 3cm. We
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show the 3D error results in Fig. 4.11 labelled as MilliSonic Mini. We can see that there is

little accuracy degradation. This shows that MilliSonic can enable a portable beacon design

that uses microphone arrays to track smartphone based Google cardboard VR systems.

Similarly, given these dimensions, the microphone array can be integrated into a VR headset

which can then be tracked in 3D using a commodity smartphone as a beacon.

4.7.7 Free Motion Tracking with Participants.

We build a simple draw-over-the-air interface based on MilliSonic. We put our microphone

array hardware on the table to act as the beacon. We implement a software app on Android

platforms where participants can move the smartphone and touch the screen to draw 2D

images on the y − z plane over the air. Meanwhile, the strokes are rendered on an external

screen in real-time. We use a Samsung S6 smartphone for this study. We compare MilliSonic

to a HTC Vive Controller which is tracked using the HTC Lighthouse positioning system [6].

Specifically we put two Lighthouse base stations on two tables with a distance of 2.5m. We

attach the HTC Vive controller to the smartphone using tape and use the HTC Lighthouse

positioning system to track its motion. Since the Lighthouse positioning system has an

accuracy of around 1mm [176], we still use it as the ground truth.

We recruit ten participants (2 female and 8 male) between the ages of 22-29 to draw on the

air using MilliSonic. None of them were provided any monetary benefits. The participants
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Figure 4.15: Speed, acceleration and distance distribution during the user study.

were free to draw whatever they like and see the motion on the screen in real-time. We added

a draw button on the screen, so that when a user pushes the button, the app uses TCP to

send the action to another server which records the traces and renders them on the screen in

real-time. Each participant had to draw at least one figure of their choosing but could draw

multiple figures if they wanted. The participants in total drew 14 images. Fig. 4.13 shows

five samples and the corresponding ground truth captured by a HTC Lighthouse.

We compare MilliSonic’s accuracy with the ground truth from the HTC Lighthouse sys-

tem. Because of frame rate differences, we linearly interpolate the ground truth result, find

the point at the ground truth that is nearest to each point in our tracking result, and compute

their difference. We show the CDFs of 3D accuracy in Fig. 4.14 for each of the 14 drawings

which show accurate tracking capabilities using acoustic signals. The outlier orange curve

corresponds to the infinite drawing in Fig. 4.13 which shows that the practical accuracies

are high. There were a few instances when a wrong 2Nπ phase offset was estimated in the

phase ambiguity removal algorithm on one of the microphones. This was however detected

and successfully recovered by our failure recovery mechanism and did not affect the following

chirp.

We also measure the free motion speed distribution, acceleration distribution and distance

distribution across the participants, which we plot in a Fig. 4.15. We see a range of speeds

and distances during this user study. We also note that the maximum acceleration was

21 m/s2 with only 1 occurrence which was below our 25m/s2 limit.
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4.7.8 Enabling concurrent transmissions.

To evaluate concurrent transmissions with MilliSonic, we use five smartphones (3 Galaxy S6,

1 Galaxy S7, 1 Galaxy S9) as transmitters and one single microphone array to track all of

them. We use the same experimental setup as the 1D tracking, but place all five smartphones

on the linear actuator platform. We repeat experiments with different number of concurrent

smartphones ranging from one to five. Fig. 4.16 shows the 1D tracking error of each of the

smartphones in the range of 0-1m with different number of concurrent smartphones. We see

that our system can support up to 4 concurrent transmissions without affecting the accuracy.

With five concurrent smartphones, nearby peaks start to interfere with each other, resulting

a slightly worse accuracy.

4.7.9 Reverse MilliSonic Accuracy.

We evaluate our Reverse MilliSonic setup in a medical setting, where we attach the tag on

patients’ chest and place the AP on top of an IV pole pointing down. The setup is used to

automatically measure the relative height change of the patients’ body during operations,

such that the measured blood pressure, which get affected by the height change, can be

adjusted accordingly. We mock real operating room scenarios by randomly moving the bed

up and down, and noting the ground truth height while calculating the estimated height from

the Reverse MilliSonic system. We collect data from a total of 10 sessions, where each session

we adjust the bed into 10 different height settings. Fig. 4.17 shows the estimation versus the

groundtruth, and Fig. 4.18 shows the error. We can see that the reverse MilliSonic suffers
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Figure 4.17: The height estimation from Reverse MilliSonic versus the groundtruth.

more error compared to MilliSonic, partly due to that speakers are more prone to random

noise and distortions than microphones. The median error is 0.6cm, median absolute error

is 0.8cm, with a standard deviation of 1.0cm, which is sufficient for this application.

4.8 Related Work

Prior work can be categorized as follows.

Tracking using IMUs. Inertial measurement units (IMUs) are a frequently used hardware

to enable device tracking. IMUs sense 3D linear acceleration, rotational rate and heading

reference which can all be fused together [88]. Gaming controllers [11, 12] as well as many

low-end VR systems [17, 13, 3] use IMUs to support motion tracking. However IMUs do

not accurately provide absolute positioning information. This is because position requires

double integration of acceleration, which introduces a large drift error [84].

Tracking using IR/visible light. The HTC Vive VR [6] system uses a laser Lighthouse

beacon emitting coherent IR signal to localize the headset as well as the controllers. Here, a

laser emitter sweeps coherent IR light spatially and the 3D location is computed using the

time it takes for the IR signals to hit the photo-diodes on the receivers. Incoherent, infrared

and visible light from LEDs can also be used for localization by cameras using specific colors.
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Figure 4.18: The height estimation error of Reverse MilliSonic system.

The Sony PlayStation VR (PSVR) [18] system uses special visible colors that are tracked

by a standalone camera located in a fixed position. Oculus Rift[14] VR system employs a

separate IR camera. The headset and controller are marked with IR LED markers captured

by the IR camera. Despite being accurate enough for VR/AR applications, these techniques

work poorly in bright environments [16]. More importantly, they require a dedicated beacon

hardware. In contrast, our design can use a smartphone as a basestation for tracking the

VR headset.

Tracking using cameras. Unlike previous methods, Simultaneous Localization and Map-

ping (SLAM) techniques have also been used to enable tracking without relying on any

beacon infrastructure. Using SLAM, devices can locate themselves solely based on the en-

vironment captured by its camera. AR systems such as Microsoft Hololens[9] and Magic

Leap One[8] headsets use SLAM to achieve such tracking capabilities. SLAM performance

however highly depends on the environment including light conditions and variety of visual

features [167, 213]. Hence, it is not as robust as outside-in tracking methods. SLAM is also

a computational intensive algorithm that often requires specialized hardware accelerators to

support real-time tracking. As a result, SLAM is unlikely to be appropriate for tracking tiny

controllers.
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System Setup
Ranging

technique

Need

IMU
Audible Dimension Accuracy Latency

Refresh

rate
Range

Concurrent

transmission

Mic/speaker

Separation

BeepBeep Phone-Phone Autocorrelation N Y 1D 2cm 50ms 20Hz 12m N -

Swordfight Phone-Phone Autocorrelation N Y 1D 2cm 46ms 12Hz 3m N -

CAT Speaker-Phone FMCW Y N 3D 9mm 40ms 25Hz 7m N 90cm

SoundTrak Speaker-Watch Phase tracking N Y 3D 13mm 12ms 86Hz 20cm N 4cm

Sonoloc Phone-Phone Autocorrelation N Y 2D 6cm 3.2-48s - 17m N -

MilliSonic
Microphone-

Phone

FMCW+

Phase tracking
N N

3D 2.6mm 25-40ms
≥40Hz 3m Y 6-15cm

1D 0.6mm 15-30ms

Table 4.1: Prior works on acoustic device tracking.

Device tracking using acoustic signals. Table. 4.1 shows recent work on acoustic localiza-

tion and tracking. BeepBeep [185] and Swordfight [256] track 1D distances between phones

but do not achieve 3D localization. Sonoloc[83] realizes distributed localization and requires

10+ devices to achieve reasonable accuracies. Prior work [255] also achieves 2D tracking

by assuming that there is no significant multipath. ALPS [144] and Tracko [126] achieve

centimeter-level accuracy using a combination of Bluetooth and ultrasonic. The closest to

our work are CAT [159] and SoundTrak [252]. CAT achieves a median 3D error of 9mm

using a combination of IMU sensor data and FMCW localization to address multipath. It

requires a separation of 0.9m and 0.7m between its horizontal and vertical speaker pairs

respectively. As a result, we cannot have a smartphone track the position of a VR headset,

since both the devices have much smaller dimensions. SoundTrak[252] achieves an average

3D error of 1.3cm between a smart watch and a customized finger ring using phase tracking

where the area of movement is limited to a 20cm × 16cm × 11cm space. Our work builds

on this foundational work but is the first to 1) achieve sub-millimeter 1D resolution, 2) do

so without requiring large separation between microphones/speakers and 3) enable for the

first time concurrent transmissions where all the acoustic devices transmit at the same time;

thus allowing for high refresh rate in the presence of multiple trackers.

Device-free tracking using acoustic signals. VSkin [212] tracks gestures on the surface of

mobile devices with a 2D accuracy of 3mm. Strata [250], LLAP [236] and FingerIO [174]

track moving fingers in the proximity of a mobile device with a 2D accuracy of 1cm, 1.9cm

and 1.2cm respectively. Toffee [242] localizes the direction of a touch around a mobile



94

device of an angular error of 4.3°. While device-free finger tracking is challenging because of

noisy measurements, it benefits from lack of synchronization issues and relies on more strict

multipath assumptions. This line of work however is complimentary to our work on acoustic

device tracking.

4.9 Conclusion and Discussion

We present MilliSonic, a novel system that pushes the limits of acoustic based motion track-

ing and localization. We show for the first time how to achieve sub-mm 1D tracking and

localization accuracies using acoustic signals on smartphones, in the presence of multipath.

To achieve this, we introduce algorithms that use the phase of FMCW signals to disambiguate

between multiple paths. We also enable multiple smartphones to transmit concurrently us-

ing time-shifted FMCW acoustic signals and enable concurrent tracking without sacrificing

accuracy or frame rate.

While this paper presents multiple benchmarks, user studies and evaluation in indoor

and outdoor environments, more extensive evaluation is required to understand its behavior

in various edge cases as well as in rooms with significant multipath that can adversely affect

accuracy. Here, we discuss the limitations of our current system design.

First, we support simple occlusions such as fabric and paper, but do not support human

limbs or the device itself. Additional algorithmic development is required to support these

practical occlusion scenarios. Second, while our design has better drift characteristics than

prior work on acoustic tracking, further work is required to make it comparable to optical

based systems. One approach is to perform sensor fusion with IMU data and achieve better

accuracy, lower latency and more resilience to clock drifts. This could also enable VR headset

tracking while using a mobile beacon (i.e., smartphone) in the hand instead of placing it on

a table.

Our current range is limited to 2 m. This is because the microphones in our array

prototype are not optimized for performance and are not designed to have optimal response

in the 17.5–23.5 kHz frequencies. Finally, we support upto 4–5 concurrent smartphone
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acoustic transmissions without affecting the frame rate per device. One way to increase

the number of concurrent devices is to use longer chirps so as to support more time-shifted

FMCW chirps that can be allocated to different smartphones. This however comes at the

expense of the frame rate per device.
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Chapter 5

ON-DEVICE DEEP LEARNING FOR LOW-LATENCY
DIRECTIONAL HEARING

5.1 Introduction

Directional hearing is the ability to amplify speech from a specific direction while reducing

sounds coming from other directions. This has multiple applications ranging from medical

devices to augmented reality and wearable computing. Directional hearing aids can help

individuals with hearing impairments who have increased difficulty hearing in the presence

of noise and interfering sounds [81, 61]. It can also be combined with augmented reality

headsets to customize the sounds and noises from different directions, e.g., sensors like gaze

trackers can enable a wearer to be in a noisy room and amplify the speech from a specific

direction, simply by looking at the source.

For decades, the predominant approach to achieving this goal was to perform beamform-

ing [134, 61, 73]. While these signal processing techniques can be computationally light-

weight, they capture spatial cues but not the acoustic cues in the speech itself [206, 139].

Recent work has shown that neural networks achieve exceptional source separation in com-

parison [158, 125], due to their ability to capture both spatial and acoustic cues. These

networks however are computationally expensive and to date, cannot run on-device on wear-

able computing platforms.

Directional hearing applications however impose stringent computational, real-time and

low-latency requirements that are not met by any existing source separation networks. Specif-

ically, compared to other audio applications like tele-conferencing where latencies on the or-

der of 100 ms is adequate, directional hearing requires real-time audio processing with much

more stringent latency requirements. For example, medical hearing aid research shows that
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we need a latency less than 20 ms to be tolerable [210]. This is also true for augmented

reality applications that modify the ambient audio to avoid the brain to synchronize what

we see with what we hear [102].

These stringent low-latency constraints are challenging to meet on wearable and medical

devices. Directional hearing requires not only processing the continuous audio input stream,

but also generating a continuous output stream within these real-time constraints. While

powerful GPUs and specialized inference accelerators (e.g., TPU) can speed up the network

run-time [238], they are usually not available on a wearable device given their power, size and

weight requirements. In fact, even the CPU capabilities and memory bandwidth available

on wearables can be significantly constrained even compared to smartphones. For example,

the iPhone 12 CPU is more than 10 times faster than that used in Google glasses and Apple

watch. Offloading computation to other devices (e.g., smartphone) is not an option given

the additional wireless network latency on the order of tens of milliseconds.

In this paper, we show for the first time that real-time directional hearing using deep

learning can be achieved on a wearable device. Instead of designing a end-to-end neural

net to perform the task, we create a hybrid model that combines lightweight beamforming

algorithms with neural networks. Our key insight is that the beamforming algorithms can

provide spatial hints to a neural net that can drastically reduce the network complexity and

its computational cost while achieving similar source separation performance to state-of-the-

art casual neural networks that are computationally expensive. At a high level, while neural

networks are a powerful tool to approximate functions, approximating beamforming functions

like matrix inversion can increase the network complexity making them computationally

expensive. However, traditional beamformers can provide useful theoretically-derived spatial

hints to the neural net, in a computationally inexpensive manner.

We present the network architecture shown in Fig. 5.2 where we first input the signals from

the multiple microphones into three different beamformers. The output of the beamformers

along with the original signals from the multiple microphones is then fed into a casual neural

net model that is optimized for memory overhead and inference time on mobile CPUs.
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Specifically, we use complex tensors throughout our network to reduce half of our model

size while achieving a comparable accuracy. Compared to real-valued networks, complex

representation also restricts the degree of freedom of the parameters by enforcing correlation

between the real and imaginary parts, which enhances the generalization capacity of the

model since phase encodes essential spatial information. We also design a combination of

dilated and strided complex convolution stack to reduce memory footprint and memory

copy per time step while keeping a large receptive field. Finally, we simplify the temporal

convolutional network to run more efficiently. Compared to state-of-the-art casual models,

we are able to achieve comparable separation performance with a 5x reduction of model

size, 4x reduction of computation, and 5x reduction of processing time, enabling it to run

in real-time on a CPU suitable for wearable devices with low latency. We also evaluate our

model trained entirely on simulated data on real data recorded in conference rooms using

a smart glasses prototype with a custom six-microphone array and a gaze tracker, which

achieves real-time, gaze-controlled directional hearing with an end-to-end latency of 17.5 ms.

5.2 Related Work

Beamformers based on statistical signal processing.

Beamforming techniques are designed to combine multi-channel sensor signals to achieve

directionality. Linear filters can statistically create constructive interference on the direc-

tion of interest and destructive interference otherwise. Non-adaptive beamformers such as

Barlett (delay-and-sum) beamformers and superdirective beamformers construct a constant

linear filter applied to the signal [134]. Adaptive beamformers such as minimum-variant

distortionless-response (MVDR) beamformers and linearly constrained minimum variance

(LCMV) beamformers additionally utilize spatial information from the mixture signal to

inform the filter construction [206]. While they can be computationally inexpensive, their

separation result is limited since they use the spatial cues but do not efficiently capture the

acoustic cues.
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Blind source separation.

Another classical problem formulation is blind source separation where each channel receives

a different unknown linear combination of a few independent sound sources [77]. Without

spatial hints such as directions, the problem formulation is often under-deterministic but a

few spatial clustering methods such as independent component analysis [114] and Gaussian

mixture model [117] can obtain a solution assuming a small number of sound sources. Re-

cently, neural network architectures have been proposed to achieve blind source separation.

Frequency-domain approaches learns the frequency-time mask for each sound source that is

applied to the mixture spectrogram [71, 120]. The spectrogram as input and output makes it

inefficient for use in low-latency applications. Time-domain approaches such as TasNet [157]

FasNet [156], TAC [155], Conv-TasNet [158] and its variants[99, 78, 155, 108] optimize for

the learnt filters that convolve with the mixture signals to separate each sound source. In

contrast to the frequency-domain approaches, these time-domain approaches allow causal

construction and separation. However, they are not designed to match directions with each

separated signal from the mixture, and the computation grows exponentially with the num-

ber of sources. [125] proposes a model to simultaneously separate each of the sound sources

as well as identify their directions; the model however is not causally constructed and is too

large to run on mobile devices. These networks are also an overkill for use with directional

hearing since unlike blind source separation it only requires separating the speech from a

specific direction that is provided as input to the network.

Neural beamformers.

To address the specific problem where the direction is provided as input, beamformer designs

have been proposed using neural networks. [72] presents a multi-pass bi-directional LSTM

network using spectral, spatial, and angle features. Similarly, [98] design a LSTM network on

the spectrogram and attention mechanisms. Neither of these networks are casual in structure.

[100] extends Conv-TasNet [158] by feeding spatial features along with the first channel and
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Figure 5.1: End-to-end latency for real-time hearing enhancement

Figure 5.2: The architecture of the Deepbeam system. (A): the end-to-end network diagram.

(B): the structure of the simplified temporal convolutional network (TCN).

achieves better results than LSTM-based methods but is computationally expensive and does

not meet delay requirements of mobile CPUs.

Improving MVDR with neural nets.

Recent work [257, 244, 243, 214] replace matrix inversion and PCA within a MVDR beam-

former with a neural network. Our work takes the inverse approach where we utilize the

MVDR output for more efficient neural network feature extraction and design. It is also

noteworthy that the structures of these prior designs are not casual in nature. Further, they

are computationally expensive and can not run in real-time on a mobile CPU. Our joint

beamformer-neural network approach instead reduces the complexity of the neural network
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using the features from the beamformers.

5.3 Method

The problem of real-time direction hearing can be formulated as follows. Assuming in a

reverberate space Say, we have N sound sources s1..N emitted from an angle θ1..N with

respect to an array with c microphones. The signal received by the ith microphone is given

as,

yi(t) =
N∑
j=1

0∑
τ=−∞

Hi,j(τ)sj(t− τ) +N(t)

N(t) is random noise and Hi,j is the impulse response associated with sound source j and

microphone i that captures multi-path and reverberations. At a given time t and a known

θk, our goal is to estimate the acoustic signal sk(t), emitted from the direction θk, given

y(t−W ) · · · y(t+ L), where W is the reception field, and L is a small look-ahead.

5.3.1 Latency Requirements

Our key challenge is to reduce the end-to-end latency. Fig. 5.1 shows the composition of

various sub-components that contribute to the latency. First, the sound signals get sampled

by the multiple microphones and fed into a memory buffer. When the buffer is full, the

data in the buffer is then processed by a computation program that consists of our neural

network and signal processing techniques. The result of the computation, i.e., the speech

from a specific direction, is then transferred to be played back through the speakers.

Consequently, to reduce the end-to-end latency to less than 20 ms, we should 1) reduce

the buffer size; 2) minimize the processing time; and 3) reduce the look-ahead duration for the

model. Reducing all these parameters while achieving good performance is challenging for

multiple reasons. First, a very short buffer size (say 3 ms) may cause jitters due to the timing

fluctuation in the operating system scheduling. A smaller buffer size also inversely increases

to the frequency of the computation calls, each of which involves a constant overhead. Second,

to ensure real-time operation, the computation block has to process the acoustic data from
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each buffer block within the duration of the block. That is, the computational time to process

a 8 ms buffer should be less than 8 ms. Neural networks however are known for their heavy

computational requirements, and none of existing models are designed for such a small end-

to-end latency for real-time signal processing on computationally constrained CPUs. Third,

a large look-ahead can utilize data in the future to improve the source separation performance

but will also increase the latency.

5.3.2 DeepBeam Architecture

To achieve the stringent end-to-end latency requirements for achieving directional hearing

on the computationally constrainted CPUs on wearable devices, we combine traditional

beamformers with neural networks. Fig. 5.2 shows the overall architecture of our hybrid

model. At a high level, the input multi-channel signals from the microphone array and the

target angle θk are first passed to three lightweight beamformers that result in three different

versions of the beamformed signals. These beamformed signals are concatenated with the

original multi-channel signals and fed into our computationally efficient neural network that

is designed to output the separated acoustic signal from the target direction θk.

Prebeamforming.

We use the following beamformers to extract features: a) superdirective beamformer [134]

that is optimized under diffused noise; b) online adaptive MVDR beamformer [105] that

extracts the spatial information from the past to suppress noise and interference; and 3)

WebRTC non-linear beamformer [132] that enhances a simple delay-and-sum beamformer

by suppressing the time-frequency components that are more likely noise or interference.

These three statistical beamformers span the different classes of beamforming techniques

from non-adaptive, adaptive and non-linear approaches. As a result, they provide a diversity

of spatial information as input to the neural network. Moreover, they are all computationally

efficient — it takes 0.8ms to run all three beamformers for a 8 ms signal block on a mobile

CPU.
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Additionally, the input channels are shifted to aim at the input direction, so that each

channel samples the direct path of the signal at the same time in the far-field:

ŷ(f) = y(f) exp(j2πf(ti(θ)− t0(θ)))

ti(θ) is the time-of-arrival from direction θ on mic i. These shifted channels along with the

output of the beamformers are concatenated together and feed into a neural network.

Neural Network Model.

Our neural net is inspired by time-domain models like Conv-TasNet [158] and has a linear

encoder, a linear decoder and a separator module, all with 1D convolutional layers. However,

we make significant modifications to the network to reduce its memory footprint, memory

copy overhead and to be computational lightweight that we describe in detail below.

Complex Tensor Representation. We use complex tensors throughout our network to reduce

half of our model size while achieving a comparable accuracy. Complex representation is

a powerful tool for acoustic signal processing. For example, complex multiplication cap-

ture rotation in the complex domain and can easily manipulate the signal phase. Thus,

complex neural networks are found to be more effective for applications such as wireless

communication [161] and noise suppression [120, 53]. Compared to real-valued networks,

complex representation also restricts the degree of freedom of the parameters by enforcing

correlation between the real and imaginary parts, which enhances the generalization capac-

ity of the model in other applications. Besides the benefit of reduced model size, complex

representation is especially important for beamforming since phase encodes essential spatial

information.

Fully-complex neural networks however lack the capability to efficiently approximate

conjugate operation and phase scaling where the phase of a complex number gets multiplied

by a constant. To mitigate this, we insert an additional component-wise operation before

each CReLU activation. We call them together a new TReLU activation. Specifically, we



104

Configurations Hyperparameters receptive field # params # MAC/s lookahead

DeepDeam k=4, N=3, M=3, H=64, C=64, D=256 0.22s 0.72M 2.1G 1.5ms

DeepBeam+ k=3, N=4, M=4, H=96, C=64, D=256 0.61s 1.1M 2.8G 1.5ms

TSNF [100] N=512, L=16, H=512, Sc=128, X=8, R=3 0.77s 5.2M 10.4G 390ms

TAC-F [155] H=32, L=64, W=64,K=64 ∞ 2.8M 14.5G ∞
Online MVDR - - - - 0

Mod. TSNF N=512, L=32, H=512, Sc=128, X=8, R=3 0.77s 5.2M 10.4G 1.5ms

Mod. TAC-F H=32, L=64, W=64,K=64 ∞ 2.3M 11.6G 4ms

Table 5.1: The specification of our model and baselines

define TReLU(xc,t) as follows:

ReLU(h(rr)
c <(xc,t) + h(ri)

c =(xc,t) + b(1)
c )

+jReLU(h(ri)
c <(xc,t) + h(ii)

c =(xc,t) + b(2)
c )

Here x is the complex input of the activation function, c, t are the channel and time index,

respectively, and h, b are parameters to train. Intuitively, the operation linearly transforms

the 2D complex space that can simulate both conjugate and phase scaling, and then ReLU

activation is performed on real and imaginary parts independently. This is equivalent to

the scaling operation in the complex batch normalization [220], but we decouple it from the

batch normalization which is moved after the ReLU operation. Note that the additional

computation of TReLU is negligible compared to the convolutional layers.

Complex Masking. The separator outputs a complex mask range from 0 to 1 that are

multiplied with the encoder output to feed into the decoder. To limit the amplitude of

the complex mask, we apply a tanh operation to the amplitude of the complex tensor while

preserving the angle component:

Ctanh(x) = tanh(||x||) ∗ x

||x||

Strided Dilated Convolution. Temporal convolutional networks (TCN) utilize causal dilated

convolution to efficiently enlarge the audio receptive field and achieve good separation per-

formance [158]. For real-time applications, while intermediate convolution results from the
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past can be cached for fast computation, the memory copy overhead is significant when our

latency requirement is in the order of milliseconds. For example, Fig. 5.3A shows how the

Conv-TasNet [158] architecture processes a stream of audio buffers. The input padding for

each convolution layer contains temporal information that is computed while processing the

previous buffers, and the input is shifted left and set as the new padding for the new buffer

input. The shifted padding increase exponentially for latter layers due to a large receptive

field. The shift operation is usually implemented using array copy and the state-of-the-art

Conv-TasNet model [158] requires 25 MB memory copy per input, that consumes approxi-

mately 10 ms on a Raspberry Pi.

To reduce the memory copy overhead, we design a combination of dilated and strided

convolution stacks. As shown in Fig. 5.3B, the network consists of a stack of N TCNs.

Between each TCN which contains M dilated convolution layers, we add a 2x1 convolution

layer with stride = 2 to downsample the signal and effectively reduce the size of the padding

for the following layers. The skip-connections get upsampled using the nearest neighborhood

method accordingly to the original sampling rate before summed up. Compared to the TCN

stacks in [158], our strided dilated convolution technique requires the same O(kMN) padding

to achieve a much larger O(kM2N) receptive field instead of O(kMN). For specific parameters

we use, it reduces memory copy by more than 90%.

Simplified Temporal Convolutional Network. We further simplify the original TCN design.

First, we use conventional convolution instead of depthwise separable convolution (D-conv)

which has lower MACs for the same channel capacity but is usually memory-bounded and

4-8x less efficient than normal convolution operations on mobile CPUs [254]. In our experi-

ments with a few state-of-the-art mobile DNN inference engines [48, 44], normal convolution

was even faster than D-conv. Second, we apply skip-connections on only the last convo-

lution layer for each TCN stack, as shown in Fig. 5.2B. We found that this reduction of

skip-connections reduces computation by approximately 20%. Third, we relax the dilation

growth factor k to more than 2. Since our receptive field is O(kM2N), by increasing k, we

would need less M and N , and so lower number of layers, to achieve the same receptive field.
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Configuration SI-SDRi SDRi

Deepbeam 11.3 dB 10.1 dB

Deepbeam+ 13.3 dB 11.4 dB

Deepbeam+ w/ FP16 13.1 dB 11.2 dB

Deepbeam+ w/o BF 10.9 dB 9.7 dB

Online MVDR 5.2 dB 5.9 dB

Mod. TSNF 13.1 dB 11.6 dB

Mod. TAC-F 12.1 dB 11.1 dB

Table 5.2: The quantitative performances of our method compared with baselines using a

circular 6-mic array

5.4 Evaluation

We prototype and train the neural network in PyTorch [183], and rewrite the model in Ten-

sorFlow [40] as TensorFlow supports NHWC tensor layout which is faster on mobile CPUs.

The model get converted to the input formats of two DNN inference engines, the MNN from

Alibaba [44] and Arm NN [48]. The latter supports NEON and 16 bit float (FP16) primitives

for ARMv8.2 CPUs. We use four threads for the neural network inference execution. The

three beamformers are scheduled on three different threads. We use PulseAudio to access

the microphone array in real time and use a sampling rate of 16 kHz and 16 bit bit width.

5.4.1 Simulated Dataset

To gather a large amount of training data, we use software to simulate random reverberate

noisy rooms using the image source model [197]. The rooms are simulated using absorption

rates of real materials and a maximum RT60 of 500 ms. By default, we use a virtual 6-mic

circular array with a radius of 5 cm. The distance between the virtual speakers and the

microphone array is at least 0.8 m, and the direction of arrival differences of the speakers

are at least 10◦. The input direction is modeled as the groundtruth plus a random error less

than 5◦ simulating the gaze tracking measurement error [201]. We place virtual speakers
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#mic
# sources

1 2 3 4 Overall

4 11.9 dB 10.8 dB 10.5 dB 8.4 dB 10.6 dB

5 11.8 dB 12.0 dB 11.9 dB 9.1 dB 11.7 dB

6 11.6 dB 13.4 dB 13.5 dB 10.2 dB 12.9 dB

Table 5.3: SI-SDRi performance using three custom microphone array layout under different

number of sound sources

at random locations within the room playing random speech utterances from the VCTK

dataset [226], meanwhile simulating diffused noise from the MS-SNSD dataset [192] and

WHAM! dataset [240]. The combined speech power to noise ratio is randomized between

[5, 25] dB. 10%, 40%, 40%, 10% of the generated clips consists of 1-4 speakers, respectively,

and we apply random gain within [−5, 0] dB to each speaker. We guarantee that there ex-

ists speech utterance overlap for 2-4 speaker scenarios. We render the synthetic audio and

generate 4s clips. We generate a total of 8000 clips as training set, 400 clips as validation

set, and 200 clips as test set. No speech clips or noise has appeared in more than one of

these three sets. To evaluate the performance on different microphone number and array lay-

outs on various wearable form factors, we additionally generate datasets using three custom

microphone array layouts on a virtual reality (VR) headset as shown in Fig. 5.4.

5.4.2 Model Specification

We use two specifications for our model. The encoder and decoder of both have a kernel size

of 32 and a stride of 8. The rest of the hyperparameters are listed in Table 5.1. The lookahead

comes from the transposed convolution in the decoder. To fairly compare our casual and

low lookahead system with prior arts, we use three baselines for reference: 1) traditional,

online MVDR beamformer; 2) modified Temperal Spatial Neural Filter (TSNF) [100], where

we replace the TasNet structure with a causal Conv-TasNet structure and use the identical

encoder as ours to achieve the same lookahead duration; and 3) modified TAC-FasNet (TAC-
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RT60(s) < 0.2 0.2− 0.4 0.4− 0.6 > 0.6

SI-SDRi 13.5 dB 13.3 dB 12.8 dB 11.1 dB

Table 5.4: SI-SDRi under different reverberation time

Removed BF None SD MVDR Nonlinear

SI-SDRi 13.3 dB 13.1 dB 12.0 dB 12.4 dB

Table 5.5: SI-SDRi when we remove a beamformer.

diff (°) 10-20 20-30 30-40 40-50 >50

w/ error (dB) 7.4 10.6 13.3 13.5 13.7

w/o error (dB) 7.9 11.7 13.5 13.8 13.9

Table 5.6: Different direction differences between 2 sources.

F) [156], where we replace bidirectional RNN with directional RNN for causal construction,

conduct the same alignment operation to the multi-channel input before feeding into the

network, and output only one channel instead of multiple channels.

5.4.3 Training Procedure

When synthesizing each training audio clips, we additionally synthesize another version where

only one of the sound source and the first microphone are present, and no reverberation is

rendered. This version is used as the groundtruth when the direction input is the direction

of the present source. Hence, our model is trained to simultaneously do de-reverberation and

source separation. We use a 1:10 linear combination of scale-invariant signal-to-distortion

ratio (SI-SDR) [145] and mean L1 loss as training subjective, where the former is used to

measure the speech quality, and the latter regulates the output power to be similar to the

groundtruth. The batch size is set to 40. We train our model using a NVIDIA T4 GPU with

16GB memory. We use AdamW optimizer and the learning rate is set to 3e-4 for the first



109

25 epoches and 1e-4 for the following 150 epoches.

5.4.4 Network Evaluation on Synthetic Datasets

Table 5.2 shows the SI-SDR (SI-SDRi) and SDR improvements (SDRi). We find that all

DNN-based approaches outperform traditional MVDR beamformer. Our Deepbeam+ model

that uses a slightly larger model achieves comparable results with the casual and low looka-

head version of [100], but using significant less number of parameters and computation. We

additionally evaluate two variants of our large model. First, we use 16 bit float format (FP16)

instead of 32 bits and see only a 0.2 dB drop in both SI-SDRi and SDRi. Using FP16 drasti-

cally reduce the inference time on platforms that support native FP16 instructions. Second,

we remove the three beamformers and retrain the network. The SI-SDRi metrics drop by

more than 2 dB, which shows the usefulness of prebeamforming.

Table 5.3 shows the SI-SDRi results on the custom microphone array layouts under 1-4

sources. Note that the training set contains all 1-4 source scenarios and each row of the

table shows the performance on the testset under a same trained model. We see that adding

microphones consistently improves the result of more than one source scenarios.

We also evaluate the performance with regard to different reverberation time (RT60) in

Table. 5.4. We see a performance degradation with a RT60 greater than 0.6 s, likely due

to a limited receptive field. Table 5.5 shows an ablation study, where we remove one out of

the three beamformers and retrain the network to see the usefulness of each beamformer.

Table 5.6 shows how our model performs with different directional differences between two

sources. The separation performance increases as the angular difference between the sources

increases. When there is no direction error in the input, the SI-SDRi improves for smaller

angular differences.

5.4.5 On-device Latency Analysis

We deploy the models on two mobile development boards to measure the processing latency:

a Raspberry Pi 4B with a four-core Cortex A-72 CPU and a four-core low-power Cortex A-55
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developement board which support FP16 operations, both running at 2 GHz. The former is

a popular $35 single-board computer, and the latter CPU is designed for low-power wearable

devices and efficient cores on smartphones for lightweight tasks like checking emails.

We run the model in real-time and the buffer size is set to 128 samples (8 ms). Recall from

Fig. 5.1 that the processing time should be less than 8 ms to guarantee real-time operation.

Fig. 5.5 shows the processing time of the two specifications of our model as well as [100].

We find that with a comparable source separation performance, inference using our model

takes much less time. Specifically, memory copy overhead is significantly reduced because

of the strided dilated convolution, so does computation because of a overall smaller model

with vanilla convolution. Finally, with a lookahead of 1.5 ms, our models can run on our two

platforms in real-time with a 17.5 ms end-to-end latency.

5.4.6 Network Evaluation on Real Data

Real-world dataset.

To evaluate model generalization, we implement a headset prototype and test in real world.

We modify a Seeed ReSpeaker 6-Mic Circular Array kit and places the microphones in the

configuration in Fig. 5.4B around a HTC Vive Pro Eye VR headset in Fig. 5.6. The headset’s

gaze direction provides the direction of arrival for our model. In addition to generating

synthesized data using the above procedure but with the actual microphone layout, we also

collect real data in two real different rooms: one large, empty and reverberate conference

room (approximately 5x7m2), denoted as Room La, and one smaller, regular room with desks

(approximately 3x5m2), denoted as Room Sm. The playback speech is from the same VCTK

dataset but is played from a portable Sony SBS-XB20 speaker. We place the speaker at

1 m and at different angles within −75◦ to 75◦ from the microphone array. We calibrate the

speaker-microphone delay and phase distortions in an anechoic chamber using a chirp signal

and apply the calibration to the original speech signal. After data collection, we randomly

add two recordings whose direction of arrival difference is more than 10◦ as the mixture
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Model Training Test SI-SDRi

MVDR None
Room La 4.5 dB

Room Sm 4.2 dB

Mod. TSNF Synthetic Room La -1.6 dB

DeepBeam+

Synthetic Room La 5.6 dB

Synthetic+Room Sm Room La 8.7 dB

Synthetic+Room La Room Sm 8.2 dB

Table 5.7: Performance using real world data.

signal. We pick the calibrated original speech and the direction of arrival of one of them as

groundtruth and input direction to our model.

We use our model to test on real datasets collected in conference rooms. We first see

if training on only synthesized data can generalize to real data. Table 5.7 shows that the

previous work generalizes poorly and does not work in real data. Manual inspection indicates

that the the model sometimes predicts wrong sound sources. This is mostly because the

features used by TSNF is highly affected by noise and interference and is not robust in real-

world scenarios. In contrast, our model generalizes and outperforms MVDR baseline. Our

hypothesis is that our model focuses on improving the already beamformed signals instead

of deciding which source to separate, which is a harder problem. We also mix the 50%

actual recordings with 50% synthesized data as the training set and test on the recordings in

another room. The model further performs better and achieves another 3 dB gain, regardless

of the room acoustic properties.

5.5 Conclusion and Limitations

We believe that while this paper makes important contributions in demonstrating low-

complexity neural networks for directional hearing, there is scope for improvements.

Two microphones. When we retrain the network with 2 microphones and up to 2

sources, we had an overall SI-SDRi performance of only 6.1 dB. This is likely because we
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depend on the beamformers to reduce the computational complexity of the neural networks.

While the beamformers we chose are good for larger number of microphones, they are not

optimal for binaural hearing. With 2 microphones, superdirective, MVDR and WebRTC

beamformers only provided 1.8, 1.9, -0.6 dB respectively. Binaural beamformers [150, 207,

106] can potentially be used to improve performance.

Larger real-world datasets. Our model can generalize to real recordings using syn-

thetic training data, but is not as good as using synthetic test set, because of audio distortion

like hardware nonlinearity and audio refraction. Generalization could be further improved

with a larger scale real-world data collection under various rooms and devices.

Specialized hardware. We use low-power CPU to deploy our model because of its

extensive adoption in wearables and high flexibility. Recent low-power DNN accelerators

can run DNN more efficiently [238] and can be used to further improve our DNN efficiency,

while running the beamformers on a CPU or microcontroller.

Lower latency. While our target end-to-end latency can be useful for wearables, close-

canal hearing aids or hearing devices with active noise cancellation, an open-canal setting

requires more stringent latency requirements [211]. This may need hardware-software co-

design and real-time operating system support.
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Figure 5.3: The strided dilated convolution structure when M = 3 and k = 2. The total

padding size is much reduced because of the downsampling layer, and skip-connections get

upsampled accordingly before summed up.



114

Figure 5.4: Potential mic-array layouts. (A): six-mic hexagon array on top of a headphone;

(B): five-mic sub-array of a six-mic array (the microphone on the left/right ear is disabled

when the input direction is on the right/left side) on an AR headset; (C) four-mic linear

array on a pair of smart glasses.

Figure 5.5: The processing time composition. The dashed line is maximum processing time

to achieve real-time operation.

Figure 5.6: Gaze-controlled directional hearing AR prototype.



115

Chapter 6

CONCLUSION AND FUTURE WORK

In this dissertation, we first summarize the work I have contributed to achieve sub-

millimeter level acoustic tracking for vital sign monitoring and VR device tracking. We fur-

ther propose algorithms to achieve millimeter-level 3D device motion tracking, and two real

world applications enabled by it: VR/AR low-latency device tracking, and battery-powered

tag localization. With more and more various tracking methods available on wearable de-

vices that can help us identify the location of interest, to complement the scope of the thesis,

we additionally design and implement systems that achieve real-time and low-latency direc-

tional hearing using a hybrid of traditional signal processing and deep learning to reduce the

computational overhead.

During my PhD, I explored both traditional signal processing techniques as well as mod-

ern deep learning. Despite the general preference of an end-to-end data processing pipeline,

we show that with practical limitation of mobile devices, hybrid model of signal processing

and deep learning could bring both efficiency and effectiveness. It is a promising research

direction to apply similar concept to other domains, such as computer vision and natural

language processing.

Acoustic tracking is a promising research area and we are happy to see a few companies

including Google are already adopting it in their products. We believe in the future, re-

searchers could bring more and more interaction modality and applications that narrow the

gap between devices and human using acoustic signals.
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Pedestrian tracking using inertial sensors. 2009.

[85] Ronald Aylmer Fisher. Statistical methods for research workers. In Breakthroughs in
Statistics, pages 66–70. Springer, 1992.

[86] LeAnne M Forquer and C Merle Johnson. Continuous white noise to reduce resistance
going to sleep and night wakings in toddlers. Child & family behavior therapy, 27(2):1–
10, 2005.

[87] Raspberry Pi Foundation. Raspberry pi 4b. https://www.raspberrypi.org/

products/raspberry-pi-4-model-b/, 2021.

[88] Hassen Fourati. Heterogeneous data fusion algorithm for pedestrian navigation via
foot-mounted inertial measurement unit and complementary filter. IEEE Transactions
on Instrumentation and Measurement, 64(1):221–229, 2015.
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Božović. High-accuracy real-time monitoring of heart rate variability using 24 ghz
continuous-wave doppler radar. IEEE Access, 7:74721–74733, 2019.

[188] M Kathleen Philbin. The influence of auditory experience on the behavior of preterm
newborns. Journal of Perinatology, 20(S1):S77, 2000.

[189] Qifan Pu, Sidhant Gupta, Shyamnath Gollakota, and Shwetak Patel. Whole-home ges-
ture recognition using wireless signals. In Proceedings of the 19th Annual International
Conference on Mobile Computing &#38; Networking, MobiCom ’13, pages 27–38, New
York, NY, USA, 2013. ACM.

[190] Kun Qian, Chenshu Wu, Fu Xiao, Yue Zheng, Yi Zhang, Zheng Yang, and Yunhao Liu.
Acousticcardiogram: Monitoring heartbeats using acoustic signals on smart devices.
IEEE INFOCOM, pages 1574–1582, 2018.

[191] Megan Ranney, Valerie Griffeth, and Ashish Jha. Critical supply shortages — the need
for ventilators and personal protective equipment during the covid-19 pandemic. New
England Journal of Medicine, 382, 03 2020.

[192] Chandan KA Reddy, Ebrahim Beyrami, Jamie Pool, Ross Cutler, Sriram Srinivasan,
and Johannes Gehrke. A scalable noisy speech dataset and online subjective test
framework. arXiv preprint arXiv:1909.08050, 2019.

[193] Michael H Repacholi. Ultrasound: characteristics and biological action, volume 19244.
National Research Council of Canada, NRC Associate Committee on Scientific . . . ,
1981.



133

[194] Herbert Robbins and Sutton Monro. A stochastic approximation method. The annals
of mathematical statistics, pages 400–407, 1951.

[195] C Satpathy, T. K. Mishra, R. Satpathy, and E Barone. Diagnosis and management of
diastolic dysfunction and heart failure. American family physician, 73, 03 2006.

[196] Lorenzo Scalise and Umberto Morbiducci. Non-contact cardiac monitoring from carotid
artery using optical vibrocardiography. Medical engineering & physics, 30(4):490–497,
2008.

[197] Robin Scheibler, Eric Bezzam, and Ivan Dokmanić. Pyroomacoustics: A python
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