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Vital sign monitoring is a common practice amongst medical professionals, and plays a key role in patient care and clinical

diagnosis. Traditionally, dedicated equipment is employed to monitor these vital signs. For example, electrocardiograms

(ECG) with 3 -12 electrodes are attached to the target chest for heartbeat monitoring. In the last few years, wireless sensing

becomes a hot research topic and wireless signal itself is utilized for sensing purposes without requiring the target to wear

any sensors. The contact-free nature of wireless sensing makes it particularly appealing in current COVID-19 pandemic.

Recently, promising progress has been achieved and the sensing granularity has been pushed to millimeter level, fine enough

to monitor respiration which causes a chest displacement of 5 mm. While a great success with respiration monitoring, it

is still very challenging to monitor heartbeat due to the extremely subtle chest displacement (0.1 - 0.5 mm) – smaller than

10% of that caused by respiration. What makes it worse is that the tiny heartbeat-caused chest displacement is buried inside

the respiration-caused displacement. In this paper, we show the feasibility of employing the popular smart speakers (e.g.,

Amazon Echo) to monitor an individual’s heartbeats in a contact-free manner. To extract the submillimeter heartbeat motion

in the presence of other interference movements, a series of novel signal processing schemes are employed. We successfully

prototype the first real-time heartbeat monitoring system using a commodity smart speaker. Experiment results show that

the proposed system can monitor a target’s heartbeat accurately, achieving a median heart rate estimation error of 0.75 beat

per minute (bpm), and a median heartbeat interval estimation error of 13.28 ms (less than 1.8%), outperforming even some

popular commodity products available on the market.
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1 INTRODUCTION

Vital sign monitoring is a common practice amongst medical professionals and plays a critical role in assisting
clinical diagnosis, assessing the overall health of a patient, and indicating if a patient’s physical condition is
recovering or worsening. Traditionally, dedicated equipment operated by professionals is used to monitor the
vital signs. For example, respiration is usually monitored by impedance photoplethysmography (PPG) [22] and
heartbeat is monitored by electrocardiogram (ECG) [19]. While the achieved accuracy is high, these devices are
usually expensive and need to be operated by professionals. To facilitate vital sign monitoring at home, portable
devices and even wearables are developed [4, 6]. While the portability and cost are the advantages, the accuracy
is slightly decreased compared to dedicated equipment.
In the last few years, wireless sensing becomes a hot research area and a lot of wireless sensing-based vital

sign monitoring systems are proposed. The key difference between wireless sensing and traditional sensor-based
approaches is that it does not require any dedicated equipment or sensor/wearable for sensing. The pervasive
wireless signals are utilized to sense the information of the human target. The contact-free nature of wireless
sensing makes it particularly appealing in challenging scenarios such as current COVID-19 pandemic. The key
rational of wireless sensing is that the propagation of wireless signal in the air gets affected by target movements.
By analyzing the variations of signal reflected from the target, rich target information can be obtained such as
the movement speed and displacement. With the latest advance of wireless sensing, researches have successfully
exploited WiFi [42], RFID [10], LoRa [41], acoustic [34] and 60 GHz [28] signals to accurately monitor the fine-
grained respiration. However, one interesting observation is that while there are a lot of studies on respiration
monitoring already, there is very little work [26] on heartbeat monitoring. After a thorough study on this, we find
that the main reason is because heartbeat is much more difficult to be sensed in a contact-free manner compared
to respiration. For human respiration, the chest displacement is around 5 mm. Taking acoustic signal as the
example, this 5 mm displacement will cause a signal phase variation of larger than 100◦ when a 16 kHz signal
is employed and this large phase variation can be easily detected. However, the chest displacement caused by
heartbeat is merely 0.1 - 0.5 mm. Therefore, the induced phase variation is very tiny and much more difficult to be
sensed. What makes it worse is that even a human target is stationary, the respiration-induced chest movement
can easily submerge the displacement caused by heartbeat.
In this work, we target to monitor the important vital sign —heartbeat— with a smartspeaker for the first

time. Heartbeat monitoring provides critical information regarding to the efficiency and the functionality of
the cardiovascular system. For instance, heart rate variability is proven to be a factor closely related to Sudden
Cardiac Deaths (SCDs). Cardiovascular disease (CVD) is also the number one cause of death globally, taking
17.9 million lives each year (31% of all deaths worldwide) [5]. Alone in the U.S., there are approximately 370,000
deaths from CVD annually [3]. We believe heartbeat monitoring is the important missing piece in the current
wireless sensing-based vital sign monitoring research.

In this work, we propose to employ the commodity off-the-shelf smart speaker for heartbeat monitoring
without requiring any dedicated sensors. Smart speakers such as Amazon Echo and Google Home are becoming
more and more popular in home environment. It was estimated that more than 200 million smart speakers have
been sold until the end of 2019 [8] and this number continues to increase every year. Samsung and Huawei are
also following this trend to launch their smart speaker products. We believe smart speaker is an appropriate
platform to host this home heartbeat monitoring application.

As shown in Figure 1(c), no matter the user sits or lies, the smart speaker can be utilized to accurately monitor
the user’s heartbeat rate (HR) and the more detailed interbeat interval (IBI) in a contact-free manner. The smart
speaker transmits ultrasound signals and captures the signal reflected off the human chest. The reflected signals
contain the chest motions caused by both human breath and heartbeat. With novel signal processing, we can
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Fig. 1. The evolution from traditional ECG and PPG based approach to our proposed smart speaker based approach.

extract not just the respiration but also the much finer heartbeat information, moving the state-of-the-art one
step forward.
Though promising, it is non-trivial to utilize a commodity smart speaker to extract the very tiny heartbeat

motion in the presence of interference. To achieve the objective, several challenges need to be addressed:
(a) Random buffer delay. During our experiments with the smart speaker, we observe a random time delay

before the acoustic signal is transmitted out. This brings in a surprising result: during the signal processing
process, the reflection signal sometimes shows up before the Line of Sight (LoS) direct path signal in the time
domain. This is counterintuitive because the direct path signal travels the shortest distance and it should arrive
first in the time domain. We deeply study this issue and discover the underlying reason for this interesting
phenomenon. We then propose a novel scheme to construct a “virtual” transmission signal to help remove this
random time delay to achieve accurate distance measurements.

(b) Extraction of the tiny heartbeat motion. The second challenge is to detect and extract the very tiny heartbeat
motion (only about 0.1 − 0.5𝑚𝑚) in the presence of strong interference such as human respiration motion (about
5𝑚𝑚) and ambient noise. Although the frequencies of respiration and heartbeat are quite different, because
the heartbeat motion is much smaller and filters have leakages, removing the respiration motions in frequency
domain does not work well and even a small leakage can greatly interfere with heartbeat sensing. We thus
model the relationship between the signal changes and the superimposed respiration and heartbeat motions
to understand the underlying mechanisms. To separate the superimposed respiration and heartbeat motions,
we employ the complete ensemble empirical mode decomposition method by keeping adding white noise to the
signal and perform an iterative extraction. The signal is then decomposed into multiple separated intrinsic modes,
corresponding to waveforms of heartbeats, respiration and other noises accordingly.

(c) A robust system which can work in real world. The last challenge is to build a system which is robust against
multiple real-world issues and work properly in different scenarios. We would like our system to work when the
user is at different locations, facing different orientations and having different postures (lying or sitting). We
target to achieve comparable or even better sensing accuracy than the wearable-based commodity products on
the market.
The main contributions of this work are summarized as follows.

• To the best of our knowledge, we are the first to exploit commodity smart speaker to achieve accurate
monitoring of heartbeats.

• We study and analyze the random system delay issue associated with commodity smart speaker. We show
that this delay can cause the reflection path to be ahead of direct path, confusing the distance estimation.
We propose to construct a “virtual” signal and design a delay-removal scheme to address this issue.
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• We model the relationship between the signal variation and the heartbeat and respiration motions. We
propose a series of signal processing methods to separate the signal variation caused by heartbeat from
that caused by respiration to extract the heartbeat information.

• We are the first to build a robust real-time heartbeat monitoring systemwith smart speaker, and demonstrate
that the proposed system can accurately monitor the subtle human heartbeats in the presence of noise and
inference. Please find our demo on heartbeat monitoring at: https://youtu.be/b5So4tN6UEc.

2 RELATED WORK

Human Heartbeat Monitoring. Heartbeat monitoring has been extensively investigated in literature and can
be categorized into contact-based and contact-free approaches. The contact-based solutions leverage wearable
devices and sensors that are attached to human body for monitoring. Traditional clinical ECG (electrocardiogram)
is a typical contact-based method [17]. An electrocardiograph is recorded by electric potential changes occurring
between electrodes placed on a patient’s torso to monitor the cardiac activity. In practice, the electrodes are
attached to different positions on the body such as wrists and ankles. These methods require trained professionals
to operate the devices, which prevent these systems from daily use at ordinary homes. The contact-based methods
that can be used at home include finger-clamp pulse meter [24], smartphone [7] and smartwatch [4]/wristband [6].
These devices adopt PPG sensor (photoplethysmogram), which contains a light emitting diode (LED) and a
photosensitive sensor. The LED emits green light on the skin. The photosensitive sensor then monitors changes
in the arterial blood volume upon systolic/diastolic fluctuations of light wave and thus derives the heart rate.
Besides, the built-in accelerometer inside the smartphone can also be used to monitor the heart rate by placing the
phone on the chest and sense the heartbeat-induced tiny body movements [29] [32]. However, these methods still
require the wearable/sensor to be in direct contact with the target and thus they are not suitable for long-term
monitoring.

With recent advance of wireless sensing, contact-free approaches are emerged, such as vision-based [36] [13]
and radio frequency (RF)- based [27] [9]. Taking the vision-based approach [13] as an example, the facial video
is captured by the camera. The heartbeat causes the change of blood oxygen saturation, leading to face color
changes. By measuring the face color changes from the video, the target’s heartbeat information can be extracted.
However, it is obvious that this method requires good lighting conditions, and also raises privacy concerns.
On the other hand, RF-based approaches have been exploited, including adopting the large bandwidth FMCW
radar [9] [12] or UWB radar [27] [18]. The radar based approaches require dedicated hardware and usually incur
high hardware cost. On the other hand, commodity hardware such as WiFi and RFID-based approaches can be
applied for respiration sensing but are still not able to monitor the extremely tiny heartbeat motions.
Acoustic-based sensing techniques. Acoustic signals have been widely employed for a large variety of

applications, ranging from coarse-grained localization [31] [16], gait recognition [39], driver behavior moni-
toring [38], gesture sensing [37] to fine-grained respiration monitoring [34], finger drawing tracking [11] and
lip-reading recognition [20]. Wang et al. [33] utilize the influence of the airflow changes caused by breathing on
the sound wave to extract the respiration information. AcousticID [39] utilizes the doppler effect of various body
parts on acoustic signals to recognize gait. Further, the gait features are used for user authentication. CAT [21]
employs a mobile phone carried by a user to track the drone’s relative location. The authors develop a distributed
FMCW system to obtain the relative distance change, achieving a median tracking error of 4 mm. LLAP [37] tracks
fine-grained hand moments by measuring the phase change of the signals from two microphones of a smartphone.
ApneaApp [23] leverages FMCW chirp signal to capture human breath and infer sleep apnea event. While a lot
of applications have been enabled by acoustic sensing, monitoring the tiny heartbeat is still a challenging task.
The only work which enables acoustic-based heartbeat sensing is a recent work [26]. This work utilizes dual
microphones on a smartphone to eliminate direct power leakage and obtain the reflection signal from user’s chest.
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The signal is then processed with an IIR comb notch filter [15] to extract the heart rate information. However, the
achieved accuracy is not fine enough and the working range is limited. We re-implement the proposed system
and find the sensing performance severely degrades when the sensing range is larger than 20 cm which means
the device still needs to be placed very close to the target. In this work, for the first time, we employ the smart
speaker to achieve accurate and stable heartbeat sensing. The sensing range can be up to 1.2 m and a prototype
which can monitor the target’s heartbeat in real time is demonstrated.

3 HEARTBEAT MONITORING USING ACOUSTIC SIGNAL

In this section, we first introduce the basics of FMCW signal and then present the practical issues associated with
smart speaker-based FMCW signal processing.

3.1 Primer of FMCW Signal

Frequency-modulated continuous-wave (FMCW) signals come in the form of a sinusoid with time-varying
frequencies. The signal frequency linearly increases over time and FMCW signal is also called chirp signal. As
shown in Figure 2, the blue line denotes the transmitted signal with a predefined sweep time𝑇 . 1 The instantaneous
frequency at time 𝑡 can be expressed as 𝑓 (𝑡) = 𝑓0 + 𝑘𝑡 , where 𝑓0 is the starting frequency, 𝑘 = 𝐵

𝑇 is the slope
of the frequency change and 𝐵 is bandwidth. The instantaneous phase of the transmitted signal is denoted as

𝜙 (𝑡) = 2𝜋
∫ 𝑡

0
𝑓 (𝑡)𝑑𝑡 = 2𝜋 (𝑓0𝑡 +

𝑘𝑡2

2 ). Suppose the amplitude of the signal is 𝐴, the transmitted signal can be
represented as:

𝑥𝑡𝑥 (𝑡) = 𝐴𝑐𝑜𝑠 (𝜙 (𝑡)) = 𝐴𝑐𝑜𝑠 (2𝜋 (𝑓0𝑡 +
𝑘𝑡2

2
)). (1)

f0

f0+B

Frequency

Time

B

T

Frequency

Time

Transmitted signal
Received signal

Mixed signal: high 
frequency component
Mixed signal: low 
frequency component

𝛕

(a) transmitted and received signals

(b) mixed signals
fb{

fb{

Fig. 2. Signals in FMCW. (a) transmitted and received signals (b) mixed signal

FMCW signal is widely utilized to measure the distance from the target to the transceivers. When the signal
transmitter and receiver are located at the same position and the target is located at a distance of 𝑅 from the

1𝑇 is also called chirp time.
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sensing devices, the signal arrives at the target and then gets reflected back from the target to the receiver after a
time period of 𝜏 = 2𝑅

𝑐 , where 𝑐 is the signal propagation speed in the air. Therefore, there is a time delay of 𝜏
between the signal is transmitted out and the signal is reflected back. The reflected signal is thus represented as:

𝑥𝑟𝑥 (𝑡) = 𝐴′𝑐𝑜𝑠 (𝜙 (𝑡 − 𝜏)) = 𝐴′𝑐𝑜𝑠 (2𝜋 (𝑓0 (𝑡 − 𝜏) +
𝑘 (𝑡 − 𝜏)2

2
)), (2)

where𝐴′ is the received signal amplitude. After the reflected signal is received, the received signal is multiplied by
the transmitted signal 𝑥𝑡𝑥 (𝑡) to perform the signal mixing operation. The mixed signal is 𝑥𝑚 (𝑡) = 𝑥𝑡𝑥 (𝑡) · 𝑥𝑟𝑥 (𝑡).

By applying the product-to-sum conversion 𝑐𝑜𝑠𝛼 · 𝑐𝑜𝑠𝛽 = 𝑐𝑜𝑠 (𝛼−𝛽)+𝑐𝑜𝑠 (𝛼+𝛽)
2 , the mixed signal can be represented

as:

𝑥𝑚 (𝑡) =
𝐴𝐴′

2

(
𝑐𝑜𝑠

(
2𝜋 (𝑓0𝜏 −

𝑘 (𝜏2 − 2𝑡𝜏)

2
)
)

︸������������������������������︷︷������������������������������︸
Low frequency term

+ 𝑐𝑜𝑠
(
2𝜋 (𝑓0 (2𝑡 − 𝜏) +

𝑘 (2𝑡2 − 2𝑡𝜏 + 𝜏2)

2
)
)

︸�����������������������������������������������︷︷�����������������������������������������������︸
High frequency term

)
.

(3)

As shown in Figure 2, the mixed signal contains the low frequency component (i.e., 𝑐𝑜𝑠 (𝛼 − 𝛽)) and the high
frequency component (i.e., 𝑐𝑜𝑠 (𝛼 + 𝛽)). The low frequency component has a constant frequency, corresponding
to frequency differences of 𝑥𝑡𝑥 (𝑡) and 𝑥𝑟𝑥 (𝑡). The high frequency component contains the 𝑡2 term and thus the
frequency still changes with time. Here, the mixed signal is passed through a low pass filter to remove the high

frequency component. We thus obtain 𝑥𝑚 (𝑡) = 𝐴𝐴′

2 𝑐𝑜𝑠
(
2𝜋 (𝑓0𝜏 −

𝑘 (𝜏2−2𝑡𝜏)
2 )

)
with only the low frequency part left.

The frequency of the low frequency component is a constant 𝑓𝑏 = 𝑘𝜏 = 2𝑘𝑅
𝑐 . Thus, the distance 𝑅 from the target

to the transceiver can be calculated as:

𝑅 =
𝑐 · 𝑓𝑏
2𝑘

. (4)

The resolution of the distance measurements depends on the frequency bandwidth of the signal. The larger
the bandwidth, the finer the range resolution. If the frequency of the acoustic signal sweeps from 16 kHz to
21 kHz, the signal bandwidth is B=5 kHz. The speed of sound is 343 m/s. We can thus obtain the range resolution
𝛿𝑅 = 343

2×5000 = 0.0343𝑚 = 3.43 𝑐𝑚. This resolution is much larger than the displacement of heartbeat motion (i.e.,
0.1 - 0.5 mm). This implies that we can not accurately measure the heartbeat-induced motion displacement using
the absolute distance estimates.

3.2 Overview of the Proposed Heartbeat Sensing System

In this section, we present the overview of the proposed heartbeat monitoring system. Figure 3 illustrates
the framework of the system. Our system mainly consists of two main modules: FMCW signal processing
and heartbeat extraction. First, the speaker transmits FMCW chirp signals. These signals hit the target, get
reflected back and received by the microphone. Following the basic FMCW signal processing strategy presented
in Section 3.1, the reflection signal is mixed with the transmitted signal and then passed through a low-pass filter.
However, in a real hardware system, the acoustic signal is first put in a buffer before it is sent out and there is a
random time delay from the signal is triggered to be sent until the signal is actually sent out. This time delay is
random so it can not be measured beforehand and removed. Theoretically, this random delay happens to both
direct path and reflection path and thus the direct path signal will still arrive first before the longer reflection
path signal. However, one interesting observation is that with the FMCW signal adopted, this random delay can
cause the reflection path to appear in front of the direct path after the signal mixing and filtering operations.
To handle this random time delay, we carefully design a “virtual” transmission signal and mix it with the

received signal to cancel out the system delay. Then we perform a fast Fourier transform (FFT) operation on the
mixed signal to obtain the target location range bin. In this way, the signal which contains human heartbeat
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information is extracted. However, the heartbeat information and the respiration information, as well as the
noise are mixed together. In heartbeat extraction module, we adopt the complete ensemble empirical mode
decomposition method to extract heartbeat signal. After segmenting the heartbeat signal, the heartbeat rates and
heartbeat intervals are estimated. We next describe each module of the system in detail.

Mixer

Low pass filter

Virtual transmission 
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Obtain target 
location

Heartbeat signal 
separation

Heartbeat 
waveform 

segamentation

FMCW signal 
processing module

Heartbeat extration

p

Speaker
Laptop 

Microphone

Transmitted 
FMCW Signal

Received Signal

Heart rate

 Interbeat 
interval

Superimposed motions

Low pass 
filter

Fig. 3. System framework. The system consists of two modules: FMCW signal processing module and heartbeat extraction.

3.3 FMCW Signal Processing Module Design

In general, there exists a system delay when transmitting an audio signal using the smart speaker. This is because
the audio signal is put into a buffer first and then transmitted out by the speaker. Therefore, there is a time delay
between the signal transmission command and actual signal transmission. The amount of delay is random and
thus can not be measured and removed easily. This issue is also discovered and reported in other works [25] [21].
To address this issue, existing approaches place the device at known reference positions [31] or move the

device along a pre-defined trace to eliminate this time delay [40]. These solutions are effective but intrusive,
requiring user interventions. Also these solutions only work when the delay is smaller than half the chirp period.
If the delay is larger than half the chirp period, then after the signal mixing operation, the reflection path will
appear in front of the direct path and fail existing approaches.
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Frequency

Time

B

T

Transmitted signal

Direct path signal

Target reflected signal

Direct path induced 
frequency difference fd 

Target induced 
frequency difference ftfd{ }ft

fd{ }ft

Fig. 4. Signals in FMCW.

Now we illustrate the direct path signal and target reflection signal in the time-frequency space. As shown
in Figure 4, the blue line is the transmitted signal, the pink line is the received direct path signal and the red
line is the received target reflection signal. The received signal contains both the direct path and reflection path
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signals. After the received signal is mixed with the transmitted signal and filtered to remove the high-frequency
component, there are two frequency components left, corresponding to the direct path denoted as 𝑓𝑑 and target
reflection path denoted as 𝑓𝑡 . In Figure 5(a), we can observe that the stronger direct path peak appears first before
the target reflection peak as expected. However, when the time delay is larger than 𝑇 /2, something interesting
happens: the reflection path peak will appear in front of the direct path peak. In Figure 5, we illustrate the three
different cases caused by different system delays.

• When the system delay is in the range [0 - T/2] as shown in Figure 5(a), we observe two peaks appear after
the FFT operation. Note that for chirp signal, the frequency difference can be converted into equivalent
time and distance differences. In Figure 5(a), the first peak corresponds to the direct path signal and the
second one corresponds to the target reflection path signal. Although there is a system delay, the signal
sequence is still correct: the direct path signal appears in front of the reflection path signal.

• When the system delay is in the range [T/2 - T], surprisingly, after the signal mix and filter operations,
although there are still two peaks, the first peak now corresponds to the target reflection path signal while
the second peak corresponds to the direct path signal as shown in Figure 5(b). The order of the direct path
and reflection path in time domain is corrupted.

• When the system delay is 𝑇 /2 as shown in Figure 5(c), 𝑓𝑑 is obtained as the frequency difference between
the direct path signal and first chirp of the transmitted signal. However, the 𝑓𝑡 is obtained as the frequency
difference between the target reflection path signal and the second chirp of the transmitted signal. In this
scenario, 𝑓𝑑= 𝑓𝑡 . The direct path signal peak and reflection path signal peak now coincide and only one
merged peak can be observed.

Through the analysis above, we need to tackle two issues: 1) The random hardware-induced system delay
introduces distance measurement errors; 2) Due to different amounts of time delays, the order of the direct path
signal and reflection path signal in time can get corrupted. The traditional reference-based approaches do not
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work when the order relationship is corrupted. To address the above issues, we propose a two-phase signal
mixing approach by introducing a “virtual” transmission signal, as shown in Algorithm 1. In line 1, we first mix
the received signal with the transmitted signal and pass the mixed signal through a low-pass filter. Based on
different amounts of system delays, we obtain one of the three cases described above. Since the direct path signal
from the speaker to the microphone is much stronger2 than the reflection path signal from the human chest,
we can employ the signal strength to identify the direct path signal. As described in line 2 to line 4, we perform
the frequency analysis and select the strongest peak. The delay of this strongest peak is denoted as 𝑡𝑤 . Now we
create a “virtual” transmission signal which can be represented as:

𝑥 ′
𝑡𝑥 (𝑡) = 𝐴𝑐𝑜𝑠 (𝜙 (𝑡 + 𝑡𝑤)) = 𝐴𝑐𝑜𝑠 (2𝜋 (𝑓0 (𝑡 + 𝑡𝑤) +

𝑘 (𝑡 + 𝑡𝑤)
2

2
)). (5)

Algorithm 1: Construct "virtual" transmitted signal to obtain target location.

Input: The transmitted signal 𝑥𝑡𝑥 ,the received signal 𝑥𝑟𝑥 .
Output: The target induced frequency 𝑓𝑡 .

1 Mix the received signal with transmitted signal and pass a low-pass filter, then perform FFT;

2 Choose the highest amplitude peak of FFT and get 𝑓𝑑 which is frequency difference induced by direct path;

3 𝑡𝑤 = 𝑡 ′ = 𝑓𝑑𝑇
2𝐵 ;

4 Shift the transmitted signal forward with time delay 𝑡𝑤 to construct "virtual" transmitted signal;

5 Mix received signal using shifted “virtual” signal, and pass a low-pass filter then perform FFT;

6 Select the highest amplitude peak of FFT and get 𝑓𝑑 which is frequency difference induced by direct path;

7 if 𝑓𝑑 ≠ 0 then
8 𝑡𝑤 = 𝑇 − 𝑡 ′;

9 return line 4

10 end

11 Select the second highest amplitude peak of FFT and get 𝑓𝑡 which is frequency difference induced by target;

12 return 𝑓𝑡

In Eq. 5, the virtual transmission signal is moved backward (to the left) by a time period of 𝑡𝑤 , as dotted blue
line shown in Figure 6. Then we utilize this “virtual” signal and the received signal to perform a second mixing
operation again in line 5. The obtained mixed signal 𝑥 ′

𝑚 (𝑡) can be represented as:

𝑥 ′
𝑚 (𝑡) = 𝑥 ′

𝑡𝑥 (𝑡) · 𝑥𝑟𝑥 (𝑡). (6)

Then the second mixed signal is also passed through a low-pass filter and performs the FFT operation. Now if
the highest peak is located at timestamp “0" as shown in Figure 6(b), it indicates the random delay is removed
properly. However, for the other case shown in Figure 7(a), even after the above operation, the direct path signal
is still not located at timestamp “0". For this case, we move the original signal again backward (to the left) by a

time period of 𝑇 − 𝑡 ′. 𝑇 is the chirp length which is known. In lines 7-10, we input 𝑡 ′ = 𝑓𝑑𝑇
2𝐵 and return to line 4.

Now the direct path peak is moved to timestamp “0" as shown in Figure 7(d). So with a maximum of two steps,
the random time delay can be successfully removed and the direct-path-reflection-path order distortion issue
is also addressed. Now, we are able to use the direct path signal as a reference to calculate the time difference
between the target reflection signal and the direct path signal.

2The speaker and microphone are located very close to each other
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Fig. 6. “virtual" transmitted signal: the original transmitted signal is moved backward by a time period of t’.
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Fig. 7. The direct path peak is moved to the origin with two steps.

3.4 Understanding the Superimposed Respiration and Heartbeat Motions

In the previous section, we remove the random time delay and now we focus on the target reflection signal
because it contains the heartbeat information. Suppose the subtle movement of human chest is Δ𝑑 , the mixed
signal 𝑥 ′

𝑚 (𝑡) is passed through a low-pass filter and then it can be represented as:

𝑥 ′
𝑚 (𝑡) =

𝐴𝐴′

2
𝑐𝑜𝑠

(
2𝜋 (𝑓0𝜏 −

𝑘 (𝜏2 − 2𝑡𝜏)

2
)
)
≈

𝐴𝐴′

2
𝑐𝑜𝑠 (

4𝜋𝑘𝑅𝑡

𝑐
+
4𝜋 𝑓0Δ𝑑

𝑐
) =

𝐴𝐴′

2
𝑐𝑜𝑠 (2𝜋 𝑓𝑡𝑡 +

4𝜋 𝑓0Δ𝑑

𝑐
). (7)

The above expression is decomposed into two terms. The first term 2𝜋 𝑓𝑡𝑡 is an inter number of 2𝜋 phase

change corresponding to the coarse-grained target distance. The second term
4𝜋 𝑓0Δ𝑑

𝑐 is a phase change in the
range of 0 − 2𝜋 , corresponding to the fine-grained target distance. Here, a 2𝜋 phase change corresponds to a
distance change of 10.7 mm. Note that the hearbeat-induced chest displacement is very small (0.1 − 0.5𝑚𝑚),

thus, the subtle displacement will mostly only cause a phase change in the second term
4𝜋 𝑓0Δ𝑑

𝑐 . As shown in
Figure 8, if the heartbeat-induced chest displacement is 0.5 mm, the phase change can be calculated as:

4𝜋 𝑓0Δ𝑑

𝑐
=
4𝜋 × 16000 × 0.0005

343
= 0.093𝜋 = 16.8◦. (8)
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Fig. 8. Chest displacement due to heartbeat and corresponding induced phase change.

A chest displacement of 0.1 − 0.5𝑚𝑚 will thus cause the signal phase change of 3.4◦ to 16.8◦. Therefore, very
accurate phase measurement is needed to monitor sub-millimeter heartbeat. However, one big challenge here
is that the phase change of the signal caused by heartbeats is submerged by respiration-induced phase change.
Respiration produces 10× larger chest displacement than that produced by the heartbeat. We model the two
motions simultaneously in Figure 9a. We consider a respiration with a 3 mm displacement at 0.2 Hz frequency
and a heartbeat with a 0.5 mm displacement at 1.2 Hz frequency. As shown in Figure 9b, we plot the signal
variation caused by the two superimposed motions in the I-Q space. The phase change in Figure 9c shows the
heartbeat information is buried in the respiration information. We can clearly observe the heartbeat caused signal
variations (points 1 - 6) corresponding to the heartbeat frequency, which is 6 times larger than the respiration
rate (frequency). We therefore need to separate the superimposed motions and obtain the breathing and heartbeat
waveforms respectively.

(a) Signals of two separate motions (b) Signal of superimposed motions (c) Signal phase change

Fig. 9. The resultant signals of superimposed heartbeat and respiration motions.

3.5 Heartbeat Extraction

According to the analysis in the previous section, we observe that the heartbeat, respiration, and even small body
movement can induce phase variation of a signal. We categorize different displacements of body movements and
their frequencies in Table 1. The body movements are classified into four categories. The heartbeat and respiration
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frequency are [0.8 - 2 Hz] and [0.1 - 0.5 Hz], respectively. We can see that the slow human body movement
has a low frequency of 0.1 - 2 Hz, which mainly refers to movement of the torso, such as leaning forward and
backward. The fast body movement has high frequency in the range of 0.5 - 5 Hz, which mainly refers to the
movement of certain parts of the body, such as hand or leg. We can observe that the signal frequencies caused
by four components are overlapped, thus a simple band-pass filter cannot filter out the interference signal to
retain the heartbeat information. To overcome this problem, we need to find a signal decomposition method to
effectively isolate the signal of each frequency component.

Table 1. Summary of different displacements of body movements and their frequencies

Vital signs and body motion Displacements Frequency

Heart Rate 0.1-0.5mm 0.8-2Hz

Breathing Rate 1-5mm 0.1-0.5Hz

Slow body movement (torso) Decimeter level 0.1-2Hz

Fast body movement (hand/leg shake) Centimeter level 0.5-5Hz

Empirical mode decomposition (EMD) [14] is a signal time-frequency analysis technique that can decompose
the signal into a superposition of independent frequency components. These frequency components are called
intrinsic mode function (IMF) when they satisfy the following two requirements: 1) the number of extrema and
the number of zero-crossings must either be equal or differ at most by one; 2) At any point, the mean value of the
envelope defined by the local maxima and the envelope defined by the local minima is zero. The procedure of
extracting an IMF is called sifting. The sifting process is as follows.
Step 1: For a signal 𝑥 (𝑡) containing superimposed motions, the local maximum and local minimum are first

identified;
Step 2: Connect all the local maxima by a cubic spline as the upper envelope (𝑢 (𝑡)), and then obtain the

lower envelope 𝑙 (𝑡) in the same way. Thus the average of the upper and lower envelopes can be calculated as

𝑚(𝑡) = 𝑢 (𝑡 )−𝑙 (𝑡 )
2 .

Step 3: Let ℎ(𝑡) = 𝑥 (𝑡) −𝑚(𝑡) and check whether ℎ(𝑡) satisfies the conditions of IMF. If not, continue the
above iteration process until an ℎ(𝑡) satisfying the conditions of IMF is obtained.

In this way, the signal 𝑥 (𝑡) is decomposed into a series of IMFs by applying the EMD method. Since the decom-
position is based on the local characteristic-scale of the signal, it can be applied to nonlinear and nonstationary
processes [14]. However, when the extremum distribution is not uniform, the mode mixing occurs and leads to
similar frequency components in different IMF components or multiple different frequency components in a
single IMF. Further, ensemble EMD (EEMD) [35] is proposed to improve the extremum characteristics by adding
Gaussian white noise to the signal to achieve more uniform extremum distribution. However, the instability and
incompleteness of the decomposed results appear due to the addition of white noise. Thus we employ complete
ensemble empirical mode decomposition with adaptive noise (CEEMDAN) [30], which adds an adaptive white
Gaussian noise to further mitigate the mode mixing in the EMD method, and reduce the amount of similarity
between decomposed IMF components to achieve a more complete separation.

Suppose 𝑥 (𝑡) denotes the phase change of the received acoustic signal in Section 3.4, which contains the IMFs

corresponding to different frequency components (heartbeat, breathing and other components). Let𝐶𝑖 be the 𝑖-th
IMF mode component obtained by the CEEMDAN decomposition, 𝑛𝑖 (𝑡) be the Gaussian white noise added at the
𝑖-th time and 𝛽𝑖 be the signal-to-noise ratio coefficient. 𝐸𝑘 (·) is the operator which produces the 𝑘th mode in the
EMD process. Thus, with the aid of CEEMDAN, the heartbeat signal can be obtained with the following steps:
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Step 1:We add white Gaussian noise to the signal 𝑥 (𝑡) and repeat the process 𝐼 times to construct the sequence
𝑋𝑖 (𝑡) = 𝑥 (𝑡) + 𝛽0𝑛𝑖 (𝑡), 𝑖 = 1, 2, . . . , 𝐼 . For each 𝑋𝑖 (𝑡), we employ the EMD algorithm to decompose the signal until
obtaining the first IMF mode component. The first mode component of the CEEMDAN method is calculated as:

𝐶1 =
1

𝐼

𝐼∑
𝑖=1

𝐸1 (𝑋𝑖 (𝑡)). (9)

Step 2: After we obtain the first IMF mode component (𝑘 = 1), we remove the first IMF mode component from

the signal 𝑟1 = 𝑥 (𝑡) −𝐶1.
Step 3: We then continue to calculate the second IMF mode component by adding the white noise to the

remaining signal: 𝑟1 + 𝛽1𝐸2 (𝑛𝑖 (𝑡)), 𝑖 = 1, 2, ..., 𝐼 . The second IMF of 𝑥 (𝑡) signal is calculated as:

𝐶2 =
1

𝐼

𝐼∑
𝑖=1

𝐸1 (𝑟1 + 𝛽1𝐸1 (𝑛𝑖 (𝑡))), (10)

Step 4: We continue the process. By removing the 𝑘th IMF mode component from the signal 𝑟𝑘 = 𝑟 (𝑘−1) −𝐶𝑘 ,
the (k+1)-th IMF of 𝑥 (𝑡) signal is calculated as:

�𝐶 (𝑘+1) =
1

𝐼

𝐼∑
𝑖=1

𝐸1 (𝑟𝑘 + 𝛽𝑘𝐸𝑘 (𝑛𝑖 (𝑡))), (11)

Step 5: We iterate the process until the signal cannot be further decomposed. The coefficients 𝛽𝑘 = 𝜀𝑘𝑠𝑡𝑑 (𝑟𝑘 )
allow tuning the SNR at each iteration.

Fig. 10. The decomposed phase change signals.

Based on the above CEEMDAN decomposition method, we decompose a target reflection signal into four IMFs
as shown in Figure 10. We plot the four IMFs in descending order of the frequency. IMF1 is the high-frequency
noise and IMF2 is the heartbeat frequency component. IMF3 is the respiration frequency component and IMF4 is
the low-frequency noise. By performing fast Fourier transform (FFT) on each component, it can be observed that
the heartbeat IMF2 component is within 0.8 - 2 Hz and the IMF3 respiration component is within 0.16 - 0.6 Hz. In
this way, we successfully extract the heartbeat signal of the human target.
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To obtain heartbeat intervals, we then employ a dynamic heartbeat segmentation scheme by applying the EM
algorithm [43]. Our method dynamically adjusts the duration of a heartbeat interval on a continuous heartbeat
signal, and uses the dynamic programming method to match and iteratively optimize the heartbeat segmentation.
As shown in Figure 11, we plot the segmentation results obtained. It can be observed that the segmented heartbeat
intervals are consistent with the ground-truth ECG signals with only a small 0.05 s average deviation.
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Fig. 11. Heartbeat segmentation result compared with ECG. The interbeat interval can be accurately derived with our
methods.

4 EVALUATION

In this section, we implement the heartbeat monitoring system on top of a smart speaker. We conduct compre-
hensive experiments and report the results.

4.1 Experiment Setup

We implement our system using an off-the-shelf smart speaker (JBL Jembe, 6 Watt, 80 dB) and connect it to a
laptop (MacBook Pro 2.6GHz with an Intel Core i7, 16 GB RAM) via the 3.5mm Audio Interface (AUX) as shown in
Figure 12. The smart speaker is employed to transmit acoustic signals and the laptop with a built-in microphone
is used to received the signal. The transceivers are place 60− 120 cm away from the user. We adopt 𝑓𝑐 = 16 kHz, 𝐵
= 5 kHz,𝑇 = 0.02 𝑠 to generate acoustic FMCW signals. The laptop employs a 48 kHz sampling rate and processes
the signals in real time to monitor the target heartbeat. We employ a 3-lead ECG monitor, i.e., Heal Force PC-80B
as shown in Figure 13 to measure the ground-truths. The electrocardiogram can be obtained to calculate heartbeat
rate (HR) and interbeat interval (IBI). We define two metrics to evaluate the performance of the system:

• Heartbeat rate estimation error: this error is defined as the absolute value of the difference between the
estimated heartbeat rate and the ground-truth rate. The unit is beats per minute (bpm).

• IBI estimation error: this error is defined as the absolute time difference between the estimated heartbeat
interval and the ground truth, which is an important indicator to measure the accuracy of the boundaries
of each heartbeat. The unit is millisecond.

We develop a web-based user interface to show the heartbeat signal variations in real time, as shown in
Figure 14. The demo video can be found at https://youtu.be/b5So4tN6UEc.

4.2 Overall Performance

We first evaluate the overall performance of our system in terms of heartbeat rate error and heartbeat interval
error. We compare the proposed system with two contact-based commercial solutions, i.e., Kiwi App [1] and
Kangyuan App [2], and the state-of-the-art contact-free smartphone-based solution, i.e., ACG [26]. Kiwi requires
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Fig. 12. Our device. Fig. 13. ECG device. Fig. 14. Heart rate monitoring system.

the user to place a finger on the phone camera, which shines a light into the fingertip and measures the light
absorbed by oxygenated haemoglobin. Kangyuan App requires the user to wear the Kangyuan band on the wrist
and the band emits green light on the skin to monitor the heartbeat rate. We implement ACG as an APP on
Huawei Nova 5 Pro with Android 10 OS. We find that the smartphone based acoustic sensing system (ACG)
operates in a range below 30 cm. Thus, in our experiments, we place the smartphone at a distance of 20 cm from
the user. In this experiment, five participants are involved. We monitor each participant for a period of 5 mins
continuously and repeat the monitoring process twice.

Figure 15a plots the cumulative distribution function (CDF) of the heartbeat rate measurement errors of the four
approaches. The achieved median errors of our system, Kangyuan band, ACG and Kiwi are 0.75 bpm, 1.01 bpm,
3.07 bpm and 3.24 bpm, respectively. Our system achieves slightly better performance than Kangyuan band
and much better performance than ACG and Kiwi. Comparing the performance of the two commercial devices,
Kangyuan achieves a much better performance than Kiwi. The reason might be that the smartband (Kangyuan) is
tightly fastened on the wrist. In contrast, Kiwi requires the user to touch a finger at the camera and the contact
between the finger and camera is not that stable during the process. Another possible reason is that the white
flash light from the camera does not perform as well as as the single-color green light. The error of ACG comes
from two aspects. First, in certain cases, the direct path is not completely eliminated due to the strict requirement

(a) Estimation of Heart rate (b) Estimation of Heartbeat interval

Fig. 15. Overall performance of our system.
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(a) Lying on the back (b) Lying on one side (c) Lying with face down

(d) Sitting facing the device (e) Sitting sideways (f) Sitting with back facing the
device

Fig. 16. Experiment environment and setup.

of signal alignment which is hard to achieve in reality. Second, ACG employs filters to separate signals and even
a small leakage from the respiration can still severely interfere with the monitoring of subtle heartbeat.
The CDF of heartbeat interval error in Figure 15b demonstrates similar evaluation results. Specifically, our

system achieves a median error of 13.28 ms (1.73%), which is better than ACG (a median error of 3.1%) , Kiwi (a
median error of 3%) and slightly lower than smart band (a median error of 1.57%). Note that IBI can be used for
heartbeat rate variability analysis and the achieved accuracy is high enough to detect most heart diseases.

4.3 The Impact of Subject Diversity

We recruit eight participants including three females and five males in the age range of 10 - 65 to evaluate the
effect of subject diversity. The participants are asked to behave naturally in sitting and lying postures, as shown in
Figure 16a and Figure 16d. For each posture, we record five groups of 5-min monitoring data for each participant.

Fig. 17. Heart rates of different participants. (F-Female, M-Male, the following number is the age of this subject)
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During the measurement process, the 3-lead ECG monitor is attached to the chest of the participants to record
the ground truths.
Figure 17 shows the obtained heartbeat rates of eight participants and the ground truths. For the child (10

years old) and elderly (65 years old), we achieve a median error of 1.8 bpm and 1.1 bpm, respectively. We observe
a slightly lower accuracy for child and we believe this is because children have weaker chest motions and
smaller body size. For young adults, we always achieve a median error below 1 bpm. Compared with the EEG
solution which needs to attach sensors to the body, all participants agree the proposed contact-free system is
more convenient for home use. Note that the device placed on the human target in Fig. 16 is for ground-truth
measurements and is not part of our system.

4.4 The Impact of Different Sitting and Lying Postures

In order to evaluate the performance under different postures, we ask the participants to sit or lie with different
postures. As shown in Figure 16, for the sitting scenario, the participants sit facing the audio devices, sit sideways
and sit with back facing the device. For the lying scenario, the participants also have three typical postures,
i.e., lying on the back, lying on one side, lying with face down. Figure 18a and Figure 18b show the heartbeat
estimation error when the subject is sitting and lying with different postures, respectively. The results show that
when the participant sits facing the device, the median error of heartbeat monitoring is the smallest (0.48 bpm).
When the participant sits sideways, the heart rate monitoring error increases to 1.3 bpm. This is because when
the user changes the orientation, the body reflection surface goes from the chest to the side of his/her body.
The effective signal reflection surface and motion displacement are both reduced. Therefore, the error slightly
increases. Besides, even the participant sits with his/her back facing the device, the heart rate monitoring still
works well and the median error remains low at 1.58 bpm.

In addition, for three lying postures, the media errors of our system are 0.22 bpm, 1.19 bpm and 1.56 bpm,
respectively. Compared with sitting scenario, the accuracy of heartbeat rate monitoring in lying postures is higher.
This is because when the participant is in a sitting posture, involuntary movement of human body interferers the
heartbeat monitoring. On the other hand, the body of the participant in a lying posture is more stable and thus
it is easier for us to extract the heartbeat waveform. The experiment results indicate that our system is able to
accurately monitor human heartbeat for all the common sitting/lying postures in real world environment.

Sit facing the 
audio devices

Sit
sideways

Sit with back 
facing the device

(a) Sitting scenario

Lying on 
the back

Lying on 
one side

Lying with 
face down

(b) Lying scenario

Fig. 18. Impact of different sitting and lying postures.
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4.5 The Impact of Heart Rate Change

Note that when we sleep at night, the heartbeat rate is relative slow and stable. During the process of exercise,
the heartbeat rate increases rapidly. We expect our system to be able to capture not just the stable information
but also the respiration and heartbeat changes. Figure 19a and Figure 19c show that a participant in sleeping state
has stable respiration and heartbeat. The corresponding respiration rate and heartbeat rate are 12.6 bpm and
72 bpm. Then the participant is asked to do high-intensity exercises (i.e., running), which increases the heartbeat
rate significantly. Then, we let the participant sits in the chair and monitor his respiration rate and heart rate.
Figure 19b and Figure 19d show the monitoring results of the participant after high-intensity exercise. The red
line shows the signal variation and the blue line indicates the respiration and heartbeat rates. It can be seen that
the heartbeat rate of the participant changes from 141 bpm to about 116 bpm. This is because the heartbeat rate
gradually falls down to a normal level after exercise. During the whole process, the proposed system is able to
accurately track the fine-grained heartbeat rate change in real time.

(a) Stable respiration during sleep (b) Rapid change respiration after exercise

(c) Stable heartbeat during sleep (d) Rapid change heartbeat after exercise

Fig. 19. Impact of heart rate change.

4.6 The Impact of Different Clothing

To evaluate the impact of clothing, the participants are asked to wear different clothes and observe their heartbeat
monitoring accuracy. As shown in Figure 20, the performance of our system is examined under four different
clothing, including (1) a lightweight T-shirt; (2) a long sleeve shirt; (3) a sweater; (4) a thick coat. The results
of heartbeat rate estimation error are shown in Figure 21. We find that for all different clothing, our system
achieves a median estimation error below 2.1 bpm for heartbeat rate monitoring. Moreover, our system performs
better when the participant wears less. When the participant wears a lightweight T-shirt, the median error is just
0.22 bpm. In contrast, the median errors of wearing a long sleeve shirt, a sweater and a coat achieve 1.17 bpm,
0.82 bpm and 2.08 bpm, respectively. We believe there are two possible reasons for this performance degradation.
The first reason is that a thicker clothing attenuates the signal more and therefore a weaker signal is received.
The second reason is that, when the participant wears a thin clothing, the clothing moves together closely with
the chest. However, for a thicker clothing, it does not move as much and therefore a smaller movement. In our
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experiment, even if the participant wears a thick coat on top of a sweater, the achieved accuracy is still relatively
high.

(a) T-shirt (b) Long sleeve shirt

(c) Sweater (d) Coat

Fig. 20. Different clothing scenarios.

Fig. 21. Impact of different clothing.

4.7 The Impact of User-device Distance

Now we evaluate the performance of our system when users are located at various distances away from the
audio devices. We vary the distance between the device and the participant from 0.2 m to 1.2 m at a step size of
0.2 m, as shown in Figure 22a. At each position, we monitor the heartbeat for five minutes. Figure 22b shows
the average heartbeat rate estimation errors under different distances. It can be seen that the proposed system
achieves an error of 0.55 bpm, 0.48 bpm, 0.77 bpm, 0.88 bpm at 20 cm, 40 cm, 60 cm and 80 cm, respectively.
When we further increase the distance to 1 m and 1.2 m, we observe a slightly larger error increase due to weak
reflection signals. However, we want to emphasize that even at 1.2 m, the achieved accuracy is still high enough
to meet the requirement of most applications. Also this achieved distance (1.2 m) significantly outperforms the
state of the art (30 cm) achieved in acoustic-based heartbeat sensing.

20cm 20cm ······

······
Laptop

Microphone

Speaker

1.2m

(a) Different distance scenarios (b) Heart rate

Fig. 22. Impact of user-device distance.
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4.8 The Impact of User-device Direction

To evaluate the impact of user-device direction, we fix the location of the device and ask the participant to sit
at different locations at an angle of 0◦, 15◦, 30◦ and 45◦ with respect to the device as shown in Figure 23a. The
distance between the participant and the device is set as 60cm. As shown in Figure 23b, our system achieves the
highest accuracy when the participant is located at 0◦ with respect to the device. The estimation error increases
from 0.48 bpm to 2.48 bpm when the angle is 45◦. When the angle is larger than 45◦, it is difficult to receive the
reflection signal and sense the heartbeats. Thus, we conclude that the horizontal angle coverage of our acoustic
sensing system is around 90◦. On the other hand, for the lying scenario in Figure 24a, we place the audio device
on one side of the human body, and vary the height of the device. The initial height of the device is the same
as the human chest (30 cm above the ground) and increased to 45cm. The angle of the participant with respect
to the device changes from 0◦ to 30◦ in the vertical plane. During the process, the heartbeat rate estimation
error increases from 0.48 bpm to1.62 bpm. When we further increase the height, the signal cannot reach the
participant’s chest any more. We therefore conclude that the vertical angle coverage of our sensing system is
around 60◦.

Speaker Laptop 
Microphone

-45o 45o

0o

 Horizontal view 
(90o of arc) 

(a) Sitting at different horizontal angles (b) Horizontal angle vs. estimation error

Fig. 23. Impact of user-device sitting direction.

Speaker

Laptop 
Microphone

30o

0o

30o

 Vertical view 
(60o of arc) 

(a) Lying at different vertical angles (b) Vertical angle vs. estimation error

Fig. 24. Impact of user-device lying direction.
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4.9 The Impact of Noise Interference

To evaluate the impact of ambient noise, we evaluate the system performance under different types of ambient
noises including human laughter, music and the Gaussian white noise. We observe that the frequency bands
of human laughter and music are typically in the range of 300 Hz – 4 kHz, which is far away from the signal
frequency (16 kHz – 21 kHz) used in the proposed system. Therefore, by applying a simple high-pass filter, these
noises can be mostly removed and have little effect on the sensing performance. In our experiments, when we set
the signal strength of the human laughter3 and music as 200% of that used for heartbeat sensing, the achieved
median errors are 1.93 bpm and 1.07 bpm, respectively. Compared with the result obtained when there is no
noise (0.75 bpm), the accuracy degradation is very small. From these results, we can conclude that the human
laughter and music have little effect on the performance of the proposed system
We further add different levels of Gaussian white noise to the transmitted signal to see the effect. Note that

white noise spans across the whole frequency band. We increase the strength of the white noise from 0% to 300%
of that of the transmitted signal at a step size of 100%. We show the frequency spectrum of the transmitted signal
with different levels of white noise in Figure 25. It can be seen that when there is no noise, the signal chirp is
clear. With 300% white noise added, the transmitted signal becomes obscured, but can still be identified owning
to the chirp design adopted. Figure 26 shows the heartbeat estimation error under different levels of white noise.
A slight increase can be observed with a larger white noise. However, even with a very large 300% noise, the
median error is still as low as 2.5 bpm. The main reason of this strong anti-noise capability is the FMCW chirp
design spanning across a relatively large bandwidth (5 kHz in our design). Single-frequency and OFDM signals
will be more easily affected by ambient noise.

(a) Original signal (b) Signal with 100% noise

(c) Signal with 200% noise (d) Signal with 300% noise

Fig. 25. Transmitted signal with different noise levels.

Fig. 26. Noise level vs. estimation error

5 LIMITATIONS AND DISCUSSION

In this work, we focus on utilizing the smart speaker to achieve contact-free human heartbeat monitoring. We
briefly discuss the limitations and also some promising future research directions below.

3Note that to precisely tune the signal strength of the laughter, we record down the laughter and play it through a speaker
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• Multi-target Heartbeat Sensing. In this paper, we focus on heartbeat sensing of a single target. When
multiple targets exist, reflection signals from multiple targets get mixed at the receiver and it is challenging
to separate these signals and sense each individual target. For our current design, if multiple targets are far
away from each other, our system can still work. However, the performance degrades when the distance
between two targets are less than 2 m. In our future work, we plan to exploit the unique opportunity of
multiple microphones available at the smart speaker to separate signals in spatial domain for multi-target
sensing.

• Self interference The proposed system works well when the target is static (e.g., during sleeping). When
the target is walking or performing continuous activities such as typing, the proposed system still has
difficulties to accurately sense the subtle heartbeat. This is because compared to tiny heartbeat motion,
even typing induces much larger signal phase changes, interfering with heartbeat sensing. The heartbeat-
induced signal variations can be easily submerged without being detected. Note that the proposed signal
decomposition method works well in separating the heartbeat information from the respiration information
because the respiration process is periodic and the chest movement is still small (i.e., 0.5 cm).

• Practical usage. With the popularity of microphones and speakers embedded in home appliances, we
believe the proposed system is a promising solution for contact-free vital sign monitoring at home. We
want to emphasize that acoustic sensing can be used for not just heartbeat monitoring but also other
applications such as fall detection, gesture recognition and respiration sensing. We envision that the smart
speaker and other microphone/speaker equipped devices have a great potential to form an ecosystem of
acoustic sensing, providing ubiquitous sensing service at home.

6 CONCLUSION

In this paper, we enable smart speaker to monitor subtle human heartbeats in a contact-free manner for the
first time. We analyze the effect of system delay on commodity smart speaker, and propose a novel approach to
address this delay. We also model the relationship between the signal changes and the superimposed respiration
and heartbeat motions. Through a deep understanding of the underlying mechanisms, we employ a series of
novel signal separation methods to extract the subtle heartbeat motion in the presence of strong interference
from respiration. We build a prototype system to demonstrate the sensing performance in real-life environments.
Comprehensive experiment results show the effectiveness of our system in achieving comparable performance as
the commodity wearable devices. We believe the smart speaker is a powerful platform capable of realizing a large
range of wireless sensing based applications in our everyday lives.
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