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SlpRoF: Improving the Temporal Coverage and
Robustness of RF-based Vital Sign Monitoring
during Sleep
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IEEE, Luan Chen, Member, IEEE, Xiaolin Zhang, Djamal Zeghlache, Life Member, IEEE, and Daging
Zhang, Fellow, IEEE

Abstract—Most existing RF-based vital sign monitoring systems either assume that a human subject is stationary or discard
measurements when motion is detected in order to output reliable respiration rates and heart rates. Such an assumption greatly limits
the usability of these systems in practice. Even during sleep, one can undergo various body states including turns and involuntary
twitches in light sleep, motionlessness during deep sleep, or abnormal limb movements due to sleep disorders such as restless legs
syndrome. In this work, we develop SIpRoF, a low-cost contact-free system using a commercial-off-the-shelf UWB radar that achieves
high temporal coverage and high accuracy in vital sign monitoring during sleep. By classifying body states into the motionless state,
limb movement state, and torso movement state, and extracting vital signs during the first two states, it directly increases effective
reporting periods over nights. By analyzing high-order harmonics and leveraging spatial diversity in captured signals from multiple
on-body areas, it improves the accuracy of heart rate estimations and thus indirectly increases temporal coverage through reliable
assessments. Experiment results show that SIpRoF is able to achieve an average median absolute error (MAE) of 0.44 beats per
minute (bpm) in respiration rates, 1.55s in respiration intervals, and 0.9 bpm for heart rates, respectively.

Index Terms—Body state classification, heart rates, respiration rates and intervals, sleep physiological profile, UWB radar signal.
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1 INTRODUCTION

LEEP is an essential function of the human body. Both
Sour mental and physical states are recovered from the
day’s stresses during sleep time. Poor sleep and sleep
disorders, on the other hand, are indicative of underly-
ing health problems and can lead to chronic diseases [1].
Respiratory rates, respiratory intervals, and heart rates are
the key parameters of one’s sleep physiological profile and
play important roles in assessing sleep quality and early
diagnosis of sleep disorders and apnea [2].

Compared to contact-based sleep monitoring systems
such as Polysomnography (PSG), Photoplethysmography
(PPG) and wristbands, RF-based sensing approaches are
appealing because they neither confine subjects with cables
or to beds nor cause discomfort or skin irritation from
contacts with electrodes or straps [3]. Liu et al. [4] re-use
existing WiFi networks for concurrently tracking respira-
tion and heartbeat rates during sleep. Researchers in [5],
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[6] further develop WiFi-based sleep stage classification
systems based on extracted human physiological features
during sleep. Leveraging RFID techniques, vital signs [7],
sleep activity [8], and sleep postures [9] could be detected.
However, narrowband WiFi or RFID signals are susceptible
to interfering sources in target environments such as moving
fans and other people. Alternatively, impulse radio ultra-
wideband (IR-UWB) and frequency-modulated continuous-
wave (FMCW) radars have been employed to estimate vital
signs or perform prescribed activities of daily living and
exercises [10], [11], [12], [13]. Benefiting from their large
operating bandwidth, both FMCW and IR-UWB systems
can isolate environmental interference and provide detailed
sleep physiological measurements. Wang ef al. [14] propose
a robust contact-free vital sign monitoring system with
mmWave FMCW radar and camera fusion in the presence
of moving people around the subject. In the sleep scenario,
Turppa et al. [15] leverage cost-effective 24GHz FMCW radar
to extract nocturnal respiration signals with different lying
positions and abnormal hypopnea. Lee et al. [16] utilize
an IR-UWB radar to track the vital sign signals and fine
movements of neonates and distinguish infants’ sleep /wake
states in neonatal intensive care units. However, due to com-
plex and volatile sleep states in practical scenarios, existing
works suffer from under-reporting of vital signs over time,
inability to accurately detect variations in respiration cycles
such as long pauses due to sleep apnea and inaccuracy in
heart rate estimations in certain body postures. Specifically,
they have the following three limitations.

First, existing RF-based vital sign monitoring systems
[17], [18], [19], [20] either assume that subjects are station-
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ary or discard measurements when motions are detected.
Although MoRe-Fi [21] and MoVi-Fi [22] demonstrate the
feasibility of motion-robust vital sign monitoring during
exercising and sleeping using deep learning models, there
has not been much longitudinal study on mmWave based
sleep monitoring or testing with real patients suffering
from breathing disorders (e.g., apnea and hypopnea) and
irregular heart rhythm (e.g., arrhythmia). In practice, over
the course of a night, a person can undergo different body
motions, including periods of brief movements such as
turns and involuntary twitches in light sleep, motionless-
ness in deep sleep, or abnormal leg movements due to
sleep disorders such as restless legs syndrome and pe-
riodic limb movement disorder. These body movements
result in low reporting rates of vital signs, making these
systems clinically unacceptable. Second, existing works esti-
mate respiration intervals by searching peaks of respiratory
waveforms with an empirical threshold [23], [24]. However,
due to the change of body orientation after frequent body
movement, the amplitude of reflected chest waveforms vary
dramatically, which will decrease the accuracy of respiration
interval estimation. These approaches become unreliable for
real sleep scenario, making it unsuitable to detect respi-
ratory anomalies such as apnea and hypopnea in sleep.
Third, to estimate heart rate, existing works typically first
identify the radar signals that contain the largest respiratory
movements, and then extract heart rates from the selected
signals by simply finding a peak frequency in a target range,
e.g., 1Hz to 2Hz [25]. However, some harmonics of strong
respiration signals have similar or even higher magnitudes
compared with the heartbeat signals. Moreover, under cer-
tain sleep postures or during strong abdominal breathing,
the body areas with the largest respiration and heart beat
movements no longer coincide. As a result, existing works
fail to estimate heart rates reliably in such situations.

In this paper, we introduce temporal coverage, a new per-
formance metric for vital sign monitoring systems, defined
as the percentage of time the reported values are within a
pre-specified error range. Clearly, temporal coverage is a hy-
brid measure that accounts for both reporting rates (namely,
the percentage of time vital sign estimations are reported)
and the accuracy of the estimations. Consequently, we pro-
pose SIpRoOF, a low-cost, contact-free system that achieves
high temporal coverage and high accuracy in vital sign
monitoring during sleep. To overcome the first limitation,
SIpRoF classifies body movements during sleep into three
types: motionless, limb movement, and torso movement
states, and estimates the onset and the duration of each
state. Noting that it is possible to estimate vital signs reli-
ably during limb movements, we extend reporting periods
beyond motionless states, thereby improving the temporal
coverage of vital sign monitoring. For handling the second
limitation, dynamic thresholds are proposed to identify the
end of inhalation in each respiratory cycle, which provides
robust estimation of respiration intervals despite signal am-
plitude variations from body state changes. To address the
third limitation, when extracting heartbeat signals, instead
of only considering the reflected signals from one specific
on-body location with the largest respiration movements,
we search for signals containing heartbeat information in
the vicinity of such a location. A high-order harmonic-based

2

approach is proposed to separate weak heartbeat signals
from strong respiration signals. To avoid outliers, SIlpRoF
takes the median value of the estimated heart rates from
different on-body locations as the final estimation. Doing
so indirectly increases temporal coverage through more
reliable estimations.

We have implemented SlpRoF using low-cost and
commercial-off-the-shelf (COTS) components including an
IR-UWB radar and a raspberry Pi device. The hardware
platform can be conveniently placed next to one’s bed and
at the chest height to cover the full human body. Multi-night
deployment has been done in a dormitory, a hotel room, and
a hospital ward with ten healthy subjects, one patient who
suffers from severe apnea, and one infected by COVID-19
!. Experiment results demonstrate that SIpRoF can reliably
detect different body motion states, and extend the temporal
coverage of vital sign reporting. Apart from accurate fine-
grained respiratory profiles, SIpRoF also provides reliable
heart rate estimations. In summary, there are five main
contributions in this work:

e We conduct an extensive measurement study to in-
vestigate the impacts of body motion states, sleep
postures and abnormal breathing patterns on re-
ceived radar signal characteristics.

e We propose a method based on the time-frequency
domain features of radar signals reflected from dif-
ferent body parts to identify motionless, limb move-
ment, and torso movement states during sleep. The
inclusion of vital sign estimation in limb movement
state improves the temporal coverage of respiration
rate and heart rate reporting by about 16% and 10%,
respectively.

e We propose a comprehensive respiratory profiling
approach. It applies continuous wavelet transforma-
tion (CWT) and two levels of dynamic thresholding
to detect the end of inhalation in each breathing cy-
cle. SIpRoF achieves median absolute errors (MAEs)
of 0.44 bpm and 1.55s in estimated respiratory rates
and respiratory intervals, respectively for health sub-
jects.

e Areliable heart rate extraction algorithm is proposed
by exploiting high-order harmonics and spatial di-
versity. The MAEs of heart rate estimation of SIpRoF
is 0.9 bpm, outperforming a state-of-the-art method
by 36%.

e We demonstrate the usefulness of SIpRoF in clinical
applications through two case studies. The first study
shows that with accurate breathing interval estima-
tion, SIpRoF could detect severe apnea episodes in
a patient with 90.6% precision. In the second study
of a patient infected with COVID-19, we find that
SIpRoF can reliably monitor patient vital signs and
characterize recovery trajectories.

The rest of the paper is organized as follows. Section
2 introduces the working principle of IR-UWB radars and
experimentally demonstrates the challenges for vital sign
monitoring under different body movements and postures

1. The research has received institutional ethics approval for the
human subject study.
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in sleep. Section 3, 4 and 5 present the entire system design
and workflows of SIpRoF. Section 6 reports the evaluation
results, and Section 7 presents the results from two clinical
case studies. Limitations of the proposed system are dis-
cussed in the Section 8. Section 9 gives a brief review of the
related works, followed by conclusions in Section 10.

2 BACKGROUND & PRELIMINARY STUDIES

In this section, we first introduce the working principle
of IR-UWB radar systems in the context of human sleep
monitoring. Then, through case studies we further analyze
the challenges of extracting vital sign information in three
body movement states and different sleeping postures dur-
ing sleep.
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Fig. 1: Single-point scattering model with an IR-UWB radar
transceiver.

2.1 Working Principle of IR-UWB Radar

The basic principle of RF-based human sensing is that,
under the radiation of RF signals, human physiological
motions, such as cardiopulmonary motion and limb move-
ments, change the properties of reflected signals. Therefore,
by analyzing the received signals, these motions can be
characterized. To explain the principle, we first consider a
single-point scattering target in front of an IR-UWB radar
transceiver (TRx) as illustrated in Figure 1. R denotes the
initial distance between the single-point target and TRx, and
x(t) is the displacement of the single-point target over time.

At the radar transmitter (TX), the Gaussian baseband
pulse signal p(t) is first modulated by a carrier signal
fe(t) = cos(2m f.t) centered at frequency f. to generate an
RF pulse signal g(t) as:

g(t) = p(t —mT,) cos(2r fo(t —mT},)),m =1,2,..., M, (1)

where T}, stands for the pulse repetition interval (RPI), index
m represents the m-th pulse transmitted by the TX and M is
the total number of transmitted pulses. A Gaussian pulse is
given by p(t) = Vg - e="/2°”  where V is the amplitude of
the Gaussian pulse, and o is the variance corresponding to
the -10 dB bandwidth. As the TX emits identical RF pulses
periodically, the TX pulse can be rewritten as:

9(Tm) = p(Tm) o827 fe(Tim))s T € [0, T}), 2)

Due to the variable delay caused by target motion, a
received RF pulse signal is expressed as:

g (Tm — 7(t)) = ap(tim — 7(t)) cos(2 fo(Ton — T(1))), (3)

where « stands for the channel gain, 7(t) = 2[R + z(t)]/c
represents the round-trip time between the radar and the
target, and c is the light speed in free space.

3

In the RX, the received RF pulses are first digitized by a
high-speed analog-to-digital converter (ADC) at a sampling
rate of f,. After RF sampling, the received pulse is given by:

gs(m,n) = a-p(n/fs— T(tm,n)) cos(2m fe(n/ fs — T(tm,n)))s
4)
where t,, , = mT, + nTs,n = 1,2,..., N, N is the total
number of samples in each pulse interval, and Ts = 1/f;
stands for the interval between consecutive samples.

1 2 3 . r N-3 N-2 N1 N
T T T T T T T T
Range bins
Frame 1 1,1 12 13 1,N-3 | 1,N-2 | I,N-1| 1N (Fast time)
Frame 2 2,1 22 | 23 2,N-3 [ 2,N-2 | 2N-1| 2N
Frame 3 3,1 32 33 3,N-3|3,N-2| 3N-1| 3N

Frame M| | M,1 ¢ | M,N-3 |M,N-2| M,N-1| M,N

Slow time Target position R

Fig. 2: Received baseband matrix.

In the digital domain, the received signal is multiplied by
the complex carrier signal s(n) = Vg-e~727/("/fs) and then
processed by a digital low-pass filter. The resulting complex
baseband signal y(m, n) has the following expression:

LPF((g,(m,n) - s(n)))

aVg _[Ts—r(m,n)?
- = 252

. ©)
where LPF(-) stands for the process of low-pass filtering.
Based on the pulse intervals, the baseband signal y(m,n)
can be naturally broken into M frames with the same data
length N. As shown in Figure 2, we construct a baseband
matrix y(m,n), where each row corresponds to the N sam-
ples in the respective frames (pulse interval), known as ‘fast
time’, while elements of the same column are from different
frames, called ‘slow time’. As fast-time indices are related to
the propagation time of RF signals, which is proportional to
the range of the target, they are also called range bins. For
example, with r = f_i , a target’s initial position falls into
the r-th range bin.

For human sleep monitoring, Figure 3(a) illustrates the
coverage area of a radar placed to the right of and at the
same height of the chest of a human subject who lies on a
bed. Compared with the aforementioned single-point scatter
model, the system model is much more complex in this
scenario. A human body spans multiple range bins due
to different delays experienced by signals reflected from
different on-body positions such as one’s left hand, chest,
legs, and right hand. As a result, a multi-scatter point model
is necessary to describe the received signal as:

y(mv n) =

327 fo T (tm,
e c (’VTL ’71)7

Q 2

. [nTs—7q(tm,n)] .

yH(ma n) - Z e QVG 6_%726]271'&-7(](15,",")7 (6)
q=1

where () is the number of signal channels, including singly

reflected paths as well as multiply reflected paths by differ-

ent parts of the human body and environmental objects. In

Equation 6, 74(tmn) = 2[Rq + 24(tm,n)]/c stands for the
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Fig. 4: Signal characteristics under different body states.

signal delay for channel g, where R, is the distance that
the signal travels from the radar to the ¢ scatter point
and z4(tm,,) stands for the displacement due to human
physiological activities in the channel. An example of the
baseband signal matrix is visualized in Figure 3(b) for sleep
monitoring, where 600 frames of data are intercepted with
623 samples in each frame. In Figure 3(b), strong TX-RX
feedthrough is concentrated around lower range bins, while
the reflected signals from the bed, human chest and legs,
and surrounding environments could be found in different
range bins. Intuitively, by extracting the slow time signals
from these range bins and further analyzing their charac-
teristics, we can categorize body motions over time across
these ranges.

2.2

At the start and during sleep, human bodies undergo dif-
ferent stages of restfulness from twists and turns while
trying to fall asleep, to stillness during rapid eye move-
ments (REM), and occasional twitching of legs or even
rhythmic movements involving head, limbs, or torso. These
movements or the lack of motion manifest differently in
captured radar signals. In this section, we conduct a study
to investigate the impacts of body states on radar signal
characteristics in three scenarios.

In the first scenario, a male subject lies still in bed. Only
periodic cardiopulmonary activities are present. 30-s data
is captured from an IR-UWB radar for analysis. We extract

Impacts of Body Motion States on Radar Signals

—— 1.2 meter in front of Radar

0.2
00 W\«NJ\W
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0 5 10
Time (s)

0.1
0.0
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o
o
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(a) Scenario of leg movement. (b) Waveforms extracted from signals
reflected from chest and foot.(Top:
chest; Bottom: right foot)

Fig. 5: Effect of leg movement on respiration detection.

the signals reflected from the subject’s chest position (1.2m),
abdomen area (1.35m), and legs (2m), respectively. In Figure
4(a), we can see that the chest-reflected signal (blue curve)
fluctuates periodically, and the abdomen-reflected signal
(blue curve) also displays periodic fluctuations caused by
abdominal respiration. Since the movements in the ab-
domen area are less than those in the chest area in the supine
state, the amplitude of the abdomen-reflected signal is much
lower than that of the chest-reflected one. Since subject’s legs
remain still during data collection, the leg-reflected signal
(black curve) is flat.

In the second scenario, the subject is asked to turn over
in a 30-s time window to mimic torso movements. Data is
also extracted from three areas of interest as shown in Figure
4(b). It is seen that due to the sudden body turnover, all
the extracted signals fluctuate significantly, and the rhythm
of respiratory activities can no longer be observed. Figure
4(c) and 4(d) show the frequency domain characteristics of
chest-reflected signals when the subject is motionless and
undergoes torso movements. It is seen that, in the motion-
less state, a prominent frequency peak could be found at
0.22H z, which is close to the subject’s actual respiration rate
of around 13 bpm. However, during torso movements, due
to the abrupt body movement, the spectral peak shifts to
0.02H z, which is far lower than the normal respiration rate
of healthy people.

In the third scenario, we restrict the subject’s motion
to limb and hand movements without significant torso
movements. Limb movements during sleep can occur pe-
riodically or at one time. First, as shown in Figure 5(a),
the subject is asked to move his right foot slightly while
keeping his chest stationary. The signals reflected from the
chest (about 1.2m from the radar) and right foot (about 2m
from the radar). Clearly, when his foot moves, the foot-
reflected signal exhibits apparent irregularity, whereas the
chest-reflected respiration signal remains periodic. This is
because the range difference from the radar to the chest
and from the radar to the right foot is larger enough such
that reflected signals are separable (Figure 5(b)). In the
second experiment, as shown in Figure 6(a), the subject is
asked to raise his right hand for about 30cm so the singly
reflected path between the radar and his chest is occluded,
whereas the multiple reflected path from radar to a side
wall, his chest and back to the radar is not affected. In
Figure 6(b), signal waveforms are extracted from the singly
reflected channel at 1.2m and the multi-path channel at
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Fig. 7: Signal characteristic of finger twitch.

3m for comparison. It can be seen clearly that, though
the singly reflected signal (red line) is severely interfered
by hand motion, the influence of the hand motion on the
multi-path signal is limited, and thus stable respiration (blue
line) could still be detected. In the third experiment, the
subject places his hand near chest area and twitches his
fingers. Figure 7 shows the temporal and spectral signals
reflected from his chest. A spike in the signal magnitudes
around 6s is clearly visible in Figure 7(a). However, when
comparing Figure 4(c) (motionless) and Figure 7(b), we find
similar frequency domain characteristics, even though the
time domain signals are very different.

In summary, by examining the characteristics of reflected
radar signals in different range bins, we have the following
observations:

e Itis possible to recover vital sign signals during mo-
tionless and limb movement states. However, only
selected range bins can be utilized.

o With frequency domain features in a selected range
bin, it is possible to distinguish motionless from large
movement states. However, micro-body movements
such as finger twitches may exhibit similar frequency
domain characteristics as motionless states.

2.3 Effects of Abnormal Breathing Patterns

Respiratory disorders, such as sleep apnea can introduce
abnormal breathing patterns. In this experiment, the subject
holds his breath for 25s to mimic sleep apnea. Figure 8
shows the temporal and spectral chest-reflected radar sig-
nals captured in a 30-s window. We observe that the peak
of the signal spectrum in Figure 8(b) is at a much lower
frequency than the normal human respiratory rates, similar
to the case with torso movements (Figure 4(d)).

In summary, abnormal breathing has distinct spectral
characteristics compared to normal breathing. However,

1 —— Respiratory Disorder 5 —— Respiratory Disorder

FFT

0 5 10 15 20 25 30

Time (s)

0.0 04 08 1.2
Frequency (Hz)

1.6 2.0

Amplitude (mV)
<)

(a) Chest-reflected waveform un-
der sleep apnea.

(b) Signal spectrum correspond-
ing to chest-reflected signal.

Fig. 8: Signal characteristic of sleep apnea.

both frequency and time domain features of captured sig-
nals are needed to discern the types of body movements,
and determine whether one’s breathing pattern is normal or
not.

2.4

Existing works on radar-based vital sign monitoring typ-
ically assume that a radar irradiates directly to the front
side of one’s chest [26], [27]. Under such an assumption,
the strongest heart beat signals coincide in the same range
bin as the strongest respiration signals. Consequently, one
can first locate a range bin that has the largest respiration
fluctuations and then extract heart beat waveforms from the
chosen range bin. However, the assumption may not hold
for all sleep postures.

In this experiment, as shown in Figure 9(a), the subject
sleeps on his right side with the front of his chest obstructed
by his arm from the radar. During inhaling and exhaling,
his chest and abdomen move at the same rhythm, and thus
the reflected signals from both areas contain respiration
information. We compute the strength of signals at fixed
respiration and heartbeat frequencies in each of the range
bins at a distance between 1m (chest) and 1.82m (abdomen).
As shown in Figure 9(b), the blue and red lines repre-
sent the normalized spectral strength of respiration and
heartbeat signals in different range bins. Clearly, the two
curves do not always follow the same trend. Specifically,
for the respiration signals, peak values are concentrated
around 1.3m, which corresponds to the abdomen area. In
contrast, for heartbeat signals, peak values lie around 1.12m,
which corresponds to the subject’s chest area. Clearly, those
methods that extract heartbeat signals from the range bin
with the highest respiration signal power result in low
signal power for heartbeat extraction and possibly wrong
heart rate estimation.

Figure 9(c) and Figure 9(d) depict the frequency domain
characteristics of the signals reflected from the chest area
(at 1.12m) and from his abdomen (at 1.3m). In Figure 9(c),
peaks at respiration frequency (around 0.18 Hz) and heart-
beat frequency (around 1.15H %) as well as their 27 order
harmonics are evident. In Figure 9(d), a much stronger respi-
ration peak around 0.18H z can be found, and its 37 order
and 4*"-order respiration harmonics are also non-negligible.
In contrast, since heartbeat motion is more subtle around
the abdominal area, it is challenging to identify the correct
heartbeat frequency due to large peaks corresponding to
abdominal respiration and its harmonics in this case.

From these experiments, we observe the key barriers
to robustly and continuously vital sign monitoring un-
addressed by existing methods. We propose SlpRoF, an

Impacts of Body Posture on Heart Rate Extraction
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Fig. 10: The system overview of SIpRoF.

RF-based vital sign monitoring solution that answers two
questions: 1) how to identify body motion types during
which vital signs can be reliably extracted; and 2) how to
estimate respiratory profile and heart rates reliably under
these motion types and different sleep postures.

3 SYSTEM OVERVIEW

The system diagram of SIpRoF is illustrated in Figure 10.
Once the system is turned on, an IR-UWB radar will con-
tinuously send and receive RF signals, generating a data
stream from the recorded signals. We first use 30-s time
windows to divide the overnight data stream and represent
the data in each window as a two-dimensional matrix. Next,
for each matrix, we identify the state of the human body
during these 30-s windows and extract sleep-related phys-
iological parameters. The whole system consists of three
modules: raw data segmentation, body state identification,
and vital sign estimation. A brief introduction to the latter
two modules is presented below:

o Body State Identification: This module consists of
peak-to-median ratio (PMR) based signal separation,
time-frequency analysis, and body state identifica-
tion. Specifically, we first identify and select the sig-
nals that contain human motion information. Then,
by exploiting both time and frequency domain sig-
nal features, SIpRoF classifies the selected signals
into respiration-related signals and body movement-
related signals. Next, based on the presence and
proportion of both types of signals, it categorizes
the subject’s motion into motionless, limb movement,
and torso movement states.
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Fig. 11: An example of the reflected signal from different
parts of the body within 30s. (a) 2-D baseband matrix of
received signal. Spectrum of (b) chest-reflected and (c) leg-
reflected signals. (d) Spectrum of stationary signal. (e) PMR
distribution across all range bins.

o Vital Sign Estimation: When a subject is in mo-
tionless and limb movement states, SIpRoF extracts
his/her respiratory rates, respiration intervals, and
heart rates. Meanwhile, the timing of the torso move-
ments and limb movements are recorded.

In the next sections, we will present in detail how to identify
the body motion states and how to extract reliable respira-
tory profile and heart rates.

4 BODY STATE IDENTIFICATION

In this section, we present the details of the proposed body
state identification scheme.

4.1 Removing Reflections from Stationary Ambient En-
vironments

As mentioned previously, when a person lies in front of a
radar, signals reflected from different parts of her body fall
into different radar range bins, from which, motion informa-
tion can be extracted for further analysis. However, there are
range bins containing signals from ambient environments.
Therefore, before extracting vital signs or body movement
information, we need to first select range bins that consist of
signals from actual body motions.

A key insight is that the signals reflected from stationary
ambient environments have steady envelopes. In contrast,
macro or micro motions from the human body will in-
troduce variations in magnitude and phase in the time
domain, or equivalently peaks in the frequency domain. For
the signal y;(¢) in range bin i, we compute its spectrum
Y;(f) via fast Fourier transform (FFT). Define the PMR
of the ¢th range bin as PMR; = #%, where
median(-) computes the median of a finite series. Range
bins with PM R greater than a certain threshold are selected
for further analysis. In our implementation, we choose the
threshold to be 0.3.

As an example, consider the data collected from a sub-
ject who breathes normally with minor foot movements.
Figure 11(a) shows the signal energy over time at different
distances from a radar. We can observe significant energy
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Fig. 13: Signal waveforms and CWT scalograms under dif-
ferent body states.

around 1.2m, which corresponds to the subject’s chest.
Sudden changes in the signal energy at 9s around 2m,
which corresponds to the location of the foot. In contrast,
little signal energy or variations can be observed at distance
1.92m. After FFT, noticeable peaks could be found in both
Figure 11(b) and Figure 11(c), indicating the presence of
body motion, but not in Figure 11(d), due to the lack of
any respiration or body movement information. Figure 11(e)
shows the PMR values over range bins, where portions
exceeding a threshold of 0.3 are highlighted in red.

4.2 Range Bin
Frequency Analysis

Classification Based on Time-

In the previous step, SIpRoF has selected the range bins
containing motion-related information. However, the nature
of these motions remains unknown. The motions can be
caused by 1) respiration and heat beats, whose resultant
signals exhibit periodicity; or 2) limb and torso movements,
which tend to be transitory; or 3) abnormal breathing pat-
terns such as long pauses between inhalation and exhala-
tion. As discussed in Section 2.3, frequency domain features
alone are insufficient to differentiate the latter two cases.
Instead, as illustrated in Figure 12, we propose a two-
step procedure by combining frequency and time domain
features to classify aforementioned motions from all range
bins.

First, we find the main peak position of signals in each
range bin in the frequency domain. If the peak frequency
of a bin is above 0.1Hz (typical respiration frequency is
from 0.1H z to 0.6 H z), the corresponding bin is labeled as a
“respiration candidate”. Otherwise, it is labeled as a "body
movement candidate”. Next, a CWT is applied to the time
domain signal in each bin. This is done by convolving the
original signal with a pulse signal. If the original signal has a
frequency component and time duration similar to the pulse
signal, a peak will appear at the corresponding position of
the transformed signal after convolution.

7

The wavelet bases are determined empirically offline.
Specifically, we extract the chest waveforms of one human
subject under three body states (i.e., motionless state, limb
movement, and torso movement) in sleep and compute the
CWT scalogram of each waveform by varying the frequency
of the wavelet base from 0.07Hz to 10H z. In Figure 13(a),
the time domain signal and the CWT scalogram of a 30s
episode of motionless state are shown. Stable frequency
responses from 0.19H z to 0.3H z can be found in the CWT
scalogram, which corresponds to the subject’s respiration
frequency. For limb movement, sharp disturbance can be
observed from the time domain signal in Figure 13(b), as
the human subject quickly put his hand on the abdomen
at 10s and moved the hand away shortly at 12s. From the
CWT scalogram in Figure 13(b), it can be seen that the resul-
tant frequency response of hand movements contains much
higher instantaneous frequencies than normal respiration,
and wavelets from 1.8Hz — 4.2H~z provides a sufficient
time resolution to distinguish these two hand movements
in time. In the case of torso movements, as shown in Figure
13(c), the human subject turned the body over and back at 3s
and 65, respectively, resulting in rich frequency components
over time. Even though the exact time lag between the two
movements is hard to identify in the CWT scalogram, the
wavelets from 2.3Hz to 4.3Hz capture the start and end
times of the successive torso movements. Based on these
observations, SIpRoF chooses a wavelet base with a central
frequency of 3.3H z in the implementation.

After CWT, we employ the median absolute deviation
(MAD) [28] algorithm to detect outliers in the waveform.
If outliers (significant peaks) are bigger than an empirical
threshold of 12, we deem that the corresponding bin con-
tains (sudden) body movements. Otherwise, bins that are
previously labeled as respiration candidates are classified
as containing significant respiration signals. Bins previously
labeled as body movement candidates are classified as con-
taining abnormal vital sign signals but no body movements.
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Fig. 14: Signal waveforms before and after CWT and MAD
processes. Original signal of (a) respiratory disorder and
(b)finger twitch movement. CWT waveforms of (c) respira-
tory disorder and (d) finger twitch movement. MAD results
of (e) respiratory disorder and (f) finger twitch movement.

To illustrate the importance of the second step in dis-
tinguishing abnormal respiration patterns and body move-
ments, we show in Figure 14 the time domain signals as
well as waveforms after CWT and MAD from finger twitch
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and abnormal breathing (where the subject is asked to hold
breath for about 26s). The results after CWT for the previous
two examples can be observed from Figure 14(c) and 14(d).
As shown in Figure 14(c), there is no prominent peak after
CWT during abnormal breathing, indicating the absence
of abrupt body motion. However, when finger twitching
occurs, as shown in Figure 14(d), an obvious peak can be
observed at the corresponding position of the resultant CWT
waveform. A big difference between their MAD peaks (5
v.s. 15) could be found in Figure 14(e) and 14(f), and with
our proposed threshold the abnormal respiration can be
differentiated from finger twitch.

4.3 Body State Identification

After the type of each range bin in the radar signal matrix
is determined (no motion, body movement, normal res-
piration, abnormal respiration), we are in the position to
identify the state of the body. Recall we are interested in
three body states, i.e., motionless, limb movement only, and
torso movement states. For a specific time window, if the
reflected signal only contains the range bins with signals
reflected from normal or abnormal respiratory movements,
the human body is in a motionless state. If it contains
both the range bins with signal reflected by the respiratory
movements and body movements, the human body is in a
state of limb movement. Finally, if it contains the range bins
with signals reflected by body movement only, we label the
subject as in a torso movement state?.

5 VITAL SIGN ESTIMATION

To this end, we have accurately classified the motion states
of a human body during sleep. In this section, we introduce
methods for respiration profiling and heart rate estimation.

5.1

When a subject’s body is in the motionless state or the
limb movement state, we can estimate his/her respiratory
profile. Generally, during respiration, human lung exhales
and inhales alternatively and rhythmically, so chest reflected
signals are steady and periodic. The spectral peak of the
signal corresponds to the respiratory rate of the subject.
However, respiratory rates can only provide a cursory de-
scription of one’s respiratory condition. Abnormal breathing
patterns due to sleep-related respiratory disorders such as
apnea and hypopnea et al. [29], [30], [31] can lead to de-
creased respiratory rates, but such information is insufficient
for diagnosis purposes. A comprehensive profiling should
include respiratory rate, respiration interval, and the start
and end of any prolonged pause in breathing. In SlpRoF,
this is accomplished in three steps.

First, we segment signals into 2.5-min long windows
with 0.5-min overlapping between neighboring windows.
A 4-layer discrete wavelet transform (DWT) is applied to
decompose the data of each window into five frequency
components ranging from 0 — 0.625Hz, 0.625 — 1.25Hz,
2.5 —5Hz and 5 — 10H 2. Since typical respiratory rates of
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Fig. 16: Respiration interval calculation.

human are between 0.1H z — 0.6 H z, we select the signals in
the first band (0 — 0.625H z) for respiration profiling. Doing
so allows us to remove higher-frequency components due
to noise or heart beats. Then, in Figure 15, we use two levels
of dynamic thresholding to determine respiratory transition
points (from inhalation to exhalation). Next, we calculate
the time interval between two adjacent transition points as
the respiratory interval.

Specifically, at the end of exhalation, one’s chest is the
furthest from the radar creating a peak in time domain
signal. Thus, prominent peaks in the waveform indicate
the start and end of respiration cycles. However, due to
the presence of noise and other interfering signals, there
exist local maximums that are not actual transition points.
To eliminate these local maximums, we first compute the
dynamic range (7y,,) of the signal in a window w, defined as
the difference between the maximum and minimum signal
magnitude. Any local maximum with a value less than
o1 X Yy is discarded. Next, we compute the prominence
values of remaining local maximums. Prominence measures
how much the peak stands out due to its intrinsic height
and its location relative to other peaks [32]. Only those
with magnitude higher than ay times the median of all
prominence values are selected as real transition points. In
our implementation, we set o; = 0.01 and ap = 0.3.

As an example, in Figure 15, the local maximums with
red and black markers exceed the first threshold. After
applying the second threshold, only red markers remain.
Figure 16 illustrates the computation of respiratory intervals
from the detected transition point. In the top plot, there is
an obvious pause in respiratory activities from 24s to 48s.
Correspondingly, the respiratory interval is estimated to be
24s in the bottom plot.
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Algorithm 1 Heart Rate Extraction
Input: Reconstructed signals: y(¢), Corresponding Respira-
tory rate: 7. where i € N, and N stands for the set of
all selected range bins that contain respiration signal.
1: foreachi € N do

2 Yi(f) = FFT(y(i))

3 YiBfFF) =0, Vi(4ff) =0

4: fmaw = max(Yz (f))' fsubmal = mam(yl(f)yz(me))
5: if fsubmax = 2fma$ then

6: HRpotential [Z] = fmaz * 60

7- else if fsubmax = %fmax then

8: HRpotentialli] = fnim *60

9:  end if

10: end for

Output: Heart Rate = Median(H Rpotential)

5.2 Heart Rate Estimation

As discussed in Section 2.4, the range bins with the strongest
heartbeat signals and strongest respiration signals do not
always coincide. The existence of harmonics of respiration
signals in the frequency domain further complicates heart-
beat waveform extraction since the latter tends to have a
smaller magnitude.

— Reconstructed signal
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Fig. 17: Reconstruct signals in time (top) and the frequency
domain (bottom) for heart rate extraction.
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Fig. 18: Evaluation of the proposed harmonic exploration
technique for heart rate estimation.

Fortunately, as demonstrated in previous research [33],
the energy of the higher-order harmonics of respiration
signals decays rapidly as the order increases. Therefore,
although the low-order harmonics of the respiration signal
may be hard to separate from the fundamental frequency
of heartbeat signals, the high-order harmonics of the heart
rate are less likely to be affected. Consequently, we propose
a heart rate extraction method based on the harmonics
of heartbeat signals, as shown in Algorithm 1. For each

9

range bin that contains respiration signals, we first use
DWT to filter out the respiration and high-frequency inter-
ference. Specifically, we sum up the signal components in
the frequency range 0.625 — 5H z together to reconstruct a
new signal. The newly reconstructed signal only contains
the heartbeat signal and strong high-order harmonics of
respiration signals as shown in Figure 17.

Next, we take advantage of the aforementioned relation-
ship between heartbeat harmonics and respiratory signal
harmonics to estimate heart rate values from the recon-
structed signals. Specifically, based on the respiratory rate
estimated by the mechanism from Section 5.1, we calcu-
late the spectrum Y (f) of the reconstructed signal and
null out the respiration interference in the spectrum by
applying notch filters with 0.1Hz stop bandwidth whose
center frequencies coincident with respiration harmonics.
Let the frequencies with the largest and second largest
magnitUde as fmamr and fsubmaz~ If fsubma:r = 2fm.arr fmaac
and fsupmae are the fundamental frequency of the heartbeat
and the frequency of its second harmonic, respectively. If
fsubmax = %fmamr fmax and fsubmar are the second and
third harmonics of the heartbeat signal, the heart rate is
computed as fiqaz/2. This procedure is repeated for each
range bin that contains respiration signals during motion-
less or limb movement states. The final heart rate is set
to be the median value of the estimated heart rate values
in these range bins. Noted that human resting heart rates
range from 40 to 100 bpm and respiration rates from 12
to 16 bpm. Therefore, the 3rd or high-order harmonics of
respiration can exceed the fundamental frequency of heart
wave. As long as the heart rate is not multiple of the
respiration rate, the proposed method can suppress the
influence of respiration harmonics on heart rate estimation.
In the rare situation that the heart rate is exactly multiple
of the respiration rate, the notch filter may remove both
the 3rd and 4th order respiratory harmonics as well as the
fundamental frequency of heartbeats. However, the 2nd and
3rd order harmonics of heart wave will not be suppressed
and can still be used for estimation. Therefore, Algorithm 1
can always output a reliable heartbeat frequency despite of
the presence of respiratory harmonics.

To evaluate the effectiveness of the proposed harmonic
exploration technique for robust heart rate estimation, case
studies are conducted on three subjects whose average heart
rates are between 48 to 64 bpm. The estimated nocturnal
heart rates of subject A with and without the harmonic ex-
ploration technique are compared in Figure 18(a), showing
that by using the proposed harmonic exploration method a
better agreement with the ground truth could be achieved.
In Figure 18(b), the distribution of heart rate estimation
errors across three subjects demonstrate that the median
absolute error could be improved by about 3 bpm with the
proposed harmonic exploration technique.

6 EVALUATION

In this section, we evaluate the performance of SlpRoF by
conducting experiments in a dormitory and a hotel room
with ten volunteers. In both scenarios, SlpRoF outputs the
respiratory profile, heart rates, and the timing of body
movements during sleep.
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TABLE 1: List of sensing devices used in the experiments

Sensor name Modality Functions
Body movement

XETHRU RF Signal Respiratory Profile

Heart Rate

VitalPatch Electrodes Heart Rate
Camera Video Sleep Video Record

Xsens Inertial Measurement Unit R Bqdy Motion

espiratory Profile

Video
Camera

Video
Camera

Hotel Room

Dormitory Room

(b) Testing environment.

Fig. 19: Experiment Setup.

6.1

The equipment used in the experiments is shown in Figure
19(a) and their corresponding functions are listed in Table 1.
The equipment consists of a COTS impulse radio XETHRU
module X4MO05 [34] and a Raspberry Pi. The radar is con-
nected to the Raspberry Pi via a serial peripheral interface
(SPI). The radar transmits 0.4ns wide pulses with angle
ranges of 65° in azimuth and elevation the center frequency,
bandwidth, and sampling frequency of the transmitted sig-
nals are 7.3GHz, 1.4GHz, and 23.328G H z, respectively.
The frame rate is set to 20H z.

We use a camera to record the ground truth bedtime and
wake-up times of each subject. VitalPatch [35] is used to
obtain the ground truth of heart rates. It is a contact-based
heart rate monitoring device, which can accurately measure
the heart rates throughout the night with two electrodes
attached to the top of a volunteer’s heart area. At the same
time, five high-precision inertial measurement unit (IMU)
devices (Xsens [36]) are used to record body movements.
Among the five wearable devices, four are fixed on the
limbs, and the remaining one is fixed on a subject’s chest.
Since Xsens sensors are extremely sensitive to motion, the

Experiment Setup
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Fig. 20: Comparison of body state estimation results of our
proposed radar-based method (top figure) and IMU-based
method (bottom figure).

one fixed on the subject’s chest can detect chest movements
caused by respiration. Therefore, the respiration rates esti-
mated by conducting FFT on 30-s acceleration data are used
as ground truth.

Two indoor environments are chosen with different lay-
outs. As shown in Figure 19(b), the dormitory (2.7 x 4m?)
represents a small space and a multipath-rich environment,
while the hotel room (4.5 x 5m?) represents a regular bed-
room.

In both scenarios, the radar is on a bedside table at 0.8-
1.2m distance to bed edge to ensure good signal quality. It
is placed diagonally above and to the side of the subject’s
body, with its boresight pointing to the chest area when the
human lies face up. Furthermore, the radar antenna needs
to be higher than the body when lying on the side to avoid
blocking reflected signals in indirect paths. Although we did
not test other placements, the poses and the exact position
of the subject change over the duration of sleep. Thus, the
relative position and orientation of the radar to the subject
chest area are not fixed.

6.2 Body State Estimation

We first evaluate the body state estimation performance of
SIpRoF. The ground truth results are estimated from the
readings of the five IMU sensors placed on the volunteers’
bodies. During the experiments, the sampling frequency of
the IMU sensors is set to 20H z, and a 30-s time window
is used to calculate the variance of the acceleration values.
A fixed threshold is applied to select the windows with
significant movements for IMU sensors. In a time window, if
the accelerations of any limb sensors change drastically, limb
movements are detected. Similarly, large variations in the
chest sensor readings indicate torso movements. Otherwise,
the subject is considered to be still.

Figure 20 shows the results of motion states of one
subject (volunteer #1) estimated from radar signals and
IMU data, respectively, over an overnight period. A lot
of torso movements are observed at the beginning of the
night because the subject has just gone to bed and has not
yet fallen asleep. After a period of stable sleep, the subject
experiences unconscious body movements. The estimated
results by SIpRoF are mostly consistent with those based on
IMU measurements during torso movements and motion-
less states. However, some limb movements according to
the IMU data are estimated as torso movements by SlpRoF.
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TABLE 2: Body State Estimation Results

Radar MU Torso Movement | Limb Movement | Motionless State
Torso Movement 97% 51% 0

Limb Movement 3% 48% 3%
Motionless State 0 1% 97%

Based on our video record, in these cases, the movements
of the limbs are too large or occlude the subject’s chest area
to allow reliable detection of respiratory signals in the radar
data.

Table 2 summarizes the confusion matrix of detection
results by SIpRoF using those from IMU data as ground
truth for all volunteers. SIpRoF can accurately distinguish
the torso movements from stillness with 97% estimation
accuracy. However, as discussed previously, when some
limbs have a large range of motion, SIpRoF confuses the
limb movements with torso movements due to the lack of
respiratory signals. Such cases account for about half of all
limb movements. Importantly, only a small percentage (3%)
of actual torso movements, a scenario where respiratory
signals may not be reliably extracted, are mistaken as limb
movements. From the experiment results, we find that the
three different body states (motionless, limb movement, and
torso movement states.) account for about 76%, 16%, and 8%
of the total sleep time, respectively.

6.3 Respiratory Profiling

After identifying the motion states of the subject, SIpRoF
extracts vital sign information when the subject is motion-
less or with only limb movements. In Figure 21(a), we show
the respiratory rates of volunteer #1 over one night. Good
agreements can be observed between ground truth value
and SIpRoF output. The cumulative distribution functions
(CDF) of the absolute errors are given in Figure 21(b). The
yellow line represents the overall respiratory rate estimation
error of the volunteer #1 based on all three days data. The
80-quantile absolute errors are less than 0.3 bpm, and we
break down the CDFs of respiration rate errors according to
motion states for both volunteers. It can be observed that the
estimation errors are slightly larger when limb movements
are present. However, even in this case, 80-quantile and 90-
quantile absolute errors are less than 0.3 bpm and 2.2 bpm,
respectively. Figure 21(c) compares the CDF of respiration
interval estimation of SIpRoF (blue curve) with that of using
only the first level of dynamic thresholding for all partici-
pants. The respiration intervals are reported only when the
subjects are motionless, since ground truth values can only
be obtained from IMU sensors when there is no limb or torso
movement. We find that 80% of the absolute respiratory
interval errors are less than 1.2s. The red line and yellow
lines show the respiration interval results according to the
methods in [24], [37] with a single one-level threshold a1 =
0.1 and 0.3, respectively. The result shows that the method
with dynamic thresholding significantly outperforms that
with a fixed threshold, and its 80-quantile error is lower
than the latter by more than 60%.

In Figure 22(a), we show the distribution of respiratory
rate estimation errors for all volunteers over three nights.

11

30
- — Groundtruth
£25 —SIpRoF
=)
220
<
=15
8
Z10
a
25

0

0 50 100 150 200 250 300 350
Time (Minute)

(a) Respiratory rate of volunteer #1.

1.0 = 1.0
0.9

0.8

So07

—— Motionless State

0.6

OSJ

—— Limb Movement 0.2
Motionless & Limb Movement

1 2 3 4 0 1 2 3 4 5
Absolute Error (Bpm) Absolute Interval Error (s)

(b) Respiratory rate estimation er-(c) Respiratory interval estimation
ror distribution. error distribution.

Fig. 21: Evaluation of respiratory profiling.
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Fig. 22: Respiratory rate and respiratory interval estimation
errors for all the volunteers.

The average MAE is 0.44 bpm, and the average upper
quartile absolute error is 0.65 bpm. By setting 5 bpm as the
threshold to filter out abnormal respiration rates with an av-
erage filter, reliable respiration rates are extracted from 92%
of the total sleep time (compared to 76% using the method
reported in [38]). We find that 16% of the estimations are
from periods under limb movements, which contribute to
the improvement of the temporal coverage in SlpRoF. In
Figure 22(b), it shows that the average MAE of respiratory
interval estimations is around 1.55s, which is adequate for
apnea diagnosis.

Figure 23 shows the percentages of reporting time when
the absolute respiratory rate errors are below 2 bpm across
all participants. Clearly, by including estimations during
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Fig. 23: Respiratory rate estimation coverage for all healthy
volunteers.

limb movement states, the temporal coverage improves
from 75% to 91%, achieving an improvement of 16%. In
other words, SIpRoF under-reports respiratory rates only 9%
of the time when they can not in fact be reliably estimated.

6.4 Heart Rate Estimation

In this section, we evaluate the heart rate estimation ac-
curacy of SIpRoF. In Figure 24(a), we show the heart rate
estimation results of the volunteer #1 throughout one night.
Good agreements can be found between the estimated and
the ground truth values.

The CDFs of the absolute errors over 3 nights for volun-
teer #1 and in different environments are shown in Figure
24(b), we find that in which 80% of the estimation errors for
volunteer #1 are less than 1.89 bpm. In the multipath-rich
dormitory environment, the 80-quantile estimation error is
less than 1.8 bpm, while in the more spacious hotel room,
the corresponding error is about 2.4 bpm. SlpRoF achieves
more accurate heart rate estimation in the dormitory than
in the hotel room because in the dormitory multipath reflec-
tions are much richer thus providing more possibilities to
excavate heart rates.

Next, we compare the performance of SlpRoF with V2iFi
and Xu et al. The V?iFi is based on a modified variational
modal decomposition (VMD) algorithm. It first decomposes
the original radar signals into different components within
different frequency bands. Heart rates are then calculated
using FFT on the component signals within the heat rate
band 1Hz to 2Hz [25]. For the method in Xu et al. The
received signal is first decomposed by the independent
component analysis (ICA) algorithm, and then for each
signal component, a harmonic-based heart rate selection
method is used to calculate heart rate values [39]. The results
are shown in Figure 25. Clearly, SlpRoF outperforms both
methods in heart rate estimation accuracy. With SlpRoF, The
average MAE is 0.9 bpm, and the average upper quartile
absolute error is 1.5 bpm. In comparison, with Xu et al.
and VZiFi, the average MAEs are 1.4 bpm and 10.5 bpm,
respectively. The V2iFi method has the poorest performance,
because it outputs an estimated heart rate, regardless of
the quality of the original signal, resulting in large overall
estimation errors. With the proposed harmonic selection-
based method, both SIpRoF and Xu et al. are more judicious
in choosing suitable range bins for heart rate estimation. As
the ICA algorithm in Xu et al. is more sensitive to noise,
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its estimation accuracy is about 36% lower than SlpRoF.
In Figure 26, we plot the percentage of reporting time
when the absolute heart rate errors are below 5 bpm across
ten participants. We further break down the percentages
between motionless and limb movement states. As shown
in Figure 26, both SIpRoF and Xu et al. benefit from the
inclusion of limb movement periods. Specifically, SIpRoF
could reliably estimate heart rates of healthy subjects for
62% of the time in average, achieving about 10% temporal
coverage improvement in heart rate estimation. Moreover,
due to its high heart rate estimation accuracy, the temporal
coverage of SIpROF is 17% higher than that of Xu et al. This
demonstrates the effectiveness of exploiting spatial diversity
in our scheme.
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7 CLINICAL CASE STUDY
71

The volunteers in the previous experiments were healthy
young adults. To understand how well SlpRoF performs
when subjects suffer from sleep disorders with abnormal
breathing patterns, we conducted an experiment with a
patient suffering from severe sleep apnea. Clinically, apnea
is diagnosed based on the amount of airflow through the
human nasal cavity, blood oxygen level and the movement
of the chest and abdomen [40], [41], [42]. When one’s nasal
cavity airflow is paused for more than 10s and there is no
chest or abdomen movement, a patient is diagnosed as in
the state of central sleep apnea (CSA). When one’s nasal
cavity airflow is paused for more than 10s, but the chest
and abdomen movements still exist, the patient is diagnosed
as suffering from obstructive sleep apnea (OSA). In radar-
based contact-free sensing, it is difficult to detect the nasal
cavity airflow. Fortunately, when apnea or hypopnea occurs,
the amplitude of chest and abdominal movements from
respiration decreases significantly. Therefore, with suitable
thresholds in peak detection (Section 5.1), it is possible to
detect sleep apnea from prolonged respiratory intervals.

In the case study, one patient with severe sleep apnea
was recruited. PSG data and radar data are collected si-
multaneously over night from 21:00 to 5:00 of the next day.
During the data collection, the patient is lying on the bed
wearing the PSG device, and the radar is located on the right
side of the patient, slightly above. We estimate the patient’s
respiration profile and heart rates during normal periods as
well as during episodes of sleep apnea. In particular, in our
implementation, when the respiration interval is longer than
10s, an occurrence of sleep apnea is declared by SlpRoF. Six
segments of PSG data of two minutes each are used to verify
the accuracy of estimated respiratory rates and heart rates,
and the whole night’s labelled data by a medical doctor is
used to calculate the precision of apnea detection.

Case Study 1: Sleep Apnea Monitoring

225 —&— Ground truth

s \k o SIpRoF

g

‘8. 10 LN

5

[~ '~
21:21  21:44 22:22 00:15 . 02:59 04:04  04:21

02:27
Time

(a) Respiratory rate measurement of SIpRoF and ground truth.

—&— Ground truth
—o— SIpRoF

=
=]

o
by

-

g

o

=

=)

ol

£ 60 Bk - A

RS N

g 55 - =

5

= 50 '~
2121 21:44 22:22 00:15_., 0227 02:59 04:04 04221

Time

(b) Heart rate measurement of SlpRoF and ground truth.

Fig. 27: Vital sign measurement over night.

The results are shown in the Figure 27. It can be seen
that the average and max heart rate estimation errors are
1.28 bpm and 2.9 bpm, respectively, while the average and
max respiratory rate estimation errors are 0.6 bpm and

13

1.8 bpm. Note that there are fewer estimated heart rate
values than respiration rates. This is because SIpRoF uses
harmonic-based selection and only outputs heart rates when
they can be reliably estimated. During the whole night, a
total of 58 instances of apnea or hypopnea are detected
by a healthcare professional from the PSG data. Among
breathing anomalies reported by SlpRoF, 90.6% are indeed
true anomalies. However, there are instances of sleep apnea
of hypopnea due to the inability of radar sensors to measure
airflows.

7.2 Case Study 2: COVID-19 Patient Monitoring

In this section, to explore the utility of SlpRoF for long-
term health monitoring, we conduct another experiment
with a patient infected by COVID-19. Clinically, COVID-
19 patients usually experience a variety of symptoms [43],
[44], mostly commonly fever and cough, which lead to
increased heart rates and respiratory rates due to shortness
of breath. Therefore, by collecting vital signs during sleep,
it is possible to characterize the trajectory of their recovery
with no human intervention.

In this case study, one patient recently tested positive
with COVID-19 was recruited. SIpRoF was utilized to mon-
itor the patient’s physiological profile during sleep over
seven consecutive nights. Meanwhile, data from VitalPatch
and Xsens were used as ground truth for heart rates and
respiration rates, respectively. The same setup as shown in
Figure 19(b) is used in the experiment. The patient took a
daily rapid antigen test (RAT), and was tested positive for
all seven days, and then became negative on day 8. With the
exception of the first day when the patient had a low level
of fever, the patient’s body temperature was normal.
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Fig. 28: Respiratory rate estimations of a COVID-19 patient
over a week.

Figure 28 and Figure 29 illustrate the estimated respi-
ratory rates and heart rates over time and the respective
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Fig. 29: Heart rate estimation of a COVID-19 patient over a
week.

MAEs. From Figure 28(a), it can be observed that, on the
first day, the patient’'s median respiratory rate is around
13.5 bpm and the the respiratory rate throughout the first
night varies over a large range. In the subsequent days, the
median respiratory rate gradually decreases to 12 bpm, and
the distribution of the respiratory rate is more concentrated
around the median value. The changes over time are more
pronounced in heart rates. As shown in Figure 29(a), the
median heart rate is 77 bpm on the first night with large
variations through the night. The patient’s median heart
rate decreased to around 68 bpm on Day 2 and Day 3 and
stabilized to around 64 bpm on Day 3 — 7. Variations of heart
rates also significantly reduced from Day 2 — 7. The trend in
the estimated respiratory rates and heart rates over 7 nights
is well aligned with the patient’s COVID-19 symptoms. As
the patient recovered, the vital signs gradually turned to
normal conditions. The absolute errors of estimated res-
piratory rates and heart rates are shown in Figure 28(b)
and 29(b). The MAEs are 0.45 bpm for respiration and 1.8
bpm for heart rates, which are slightly higher than those of
healthy subjects.

8 LIMITATIONS AND DISCUSSIONS

In this section, we discuss the limitations of our system and
some future research directions.

8.1

One’s body states during sleep are important sources of
sleep physiological information. They are useful in evalu-
ating sleep quality and sleep stages [45], [46], diagnosing
sleep disorders such as restless legs syndrome (RLS), in-
somnia [47], [48], etc.. In SIpRoF, only coarse-grained body

Fine-grained Body State Characterization
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states are inferred with the goal of determining when vital
signs can be reliably estimated. As discussed in Section
6.2, though the proposed classifier cannot distinguish large
limb movements from torso movements if one’s chest and
abdomen areas are occluded, it significantly improves the
temporal coverage of vital sign reporting in SlpRoF. In the
future, RF-based fine-grained body state classification can be
investigated by looking into diverse techniques, including
beamforming-assisted body scanning for skeletal posture
estimation [49] and contactless RFID for accurate tracking
of specific limb movements [50].

8.2 Monitoring of multiple subjects

In the daily life scenario, it is often important to monitor two
or more subjects” vital signs during sleep with RF signals.
Benefiting from the cm-level range resolution of the UWB
radar in this work, the movements of a single subject’s body
parts are distinguished and it is also possible to concurrently
monitor multiple subjects’ sleep. However, owing to the
poor angle resolution of this UWB radar, it is difficult to fully
isolate subjects’ body movements from one another in both
direct and indirect paths if they are sufficiently close. In the
future, MIMO radars will be considered to increase spatial
resolution to realize multi-occupancy sleep monitoring.

8.3 Size of patient population in clinical case studies

Due to the difficulties in recruiting suitable patients who are
willing to join the nocturnal test in hospital and at home,
only two patients were included in the clinical case study.
However, comparable accuracy is achieved for respiratory
rate and heart rate estimations for healthy subjects and
patients, showing that SlpRoF is promising to be used in
clinical settings. In the future, we plan to test the effec-
tiveness of SIpRoF in clinical settings by recruiting more
patients.

9 RELATED WORK

Existing work in sleep monitoring can be roughly catego-
rized into two classes: (1) wearable sensor-based methods
and (2) RF-based methods.

Wearable Sensor-based Methods: Sensors directly at-
tached to or worn by users can facilitate vital sign moni-
toring [51]. Dedicated sensors (e.g., ECG sensors and blood
pressure sensors) can provide reliable measurements with
high accuracy since they are designed and implemented
specifically for the purpose of monitoring vital signs. Some
wearable devices that have been widely used, such as
bracelets, smart watches, etc., can also roughly estimate
some physiological parameters, such as sleep quality, heart
rates, blood oxygen, etc. Further, Dionisi et al. describe an
instrumented autonomous T-shirt to monitor respiration
rates, heart rates, and body movements [52]. The system
containing an electronic circuit board and textile conductive
sensors is powered by a solar panel. Meng et al. propose
a wearable belt integrated with three ECG sensors and an
accelerometer to monitor heart condition and assess the
level of physical activity [53]. Prestiet al. attach 12 fiber Bragg
grating (FBG) sensors to a textile to monitor the respiratory
rates and heart rates in two positions (standing and supine)
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TABLE 3: Summary of existing RF-based solutions to vital sign monitoring in the sleep scenario.
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[54]. These wearable vital sign monitoring devices have very
high accuracy and can be used as the basis for medical
diagnosis. However, they all face some limitations for long-
term usage. Portability, comfort, and user acceptance and
adherence remain challenges to the wide adoption of such
technologies in the home settings.

RF-based Methods: Compared with wearable devices,
RF-based methods do not place additional instrumentation
on subjects” bodies and are thus inherently device-free [55],
[56], [57]. RF sensing is attractive since it can easily provide
continuous monitoring using COTS devices at a relatively
low cost. For sleep monitoring, in general, researchers first
divided human sleep states into body movement state and
motionless state and then estimate vital signs under motion-
less state [17], [18], [20]. In [20], Kwon et al. choose the signal
with the highest spectral energy to calculate the respiratory
rates and heart rates in a motionless state and combine the
body movement information and the vital signs to estimate
human sleep stages. Moreover, Hsu et al. in [58] directly use
a neural network to detect whether a person experiences
insomnia through the spectrum of the signals bounced off
one’s body. Studies in [23], [59], [60] use radar systems
to detect sleep apnea. By comparing the radar-estimated
results with a gold standard, they are trying to find a
new standard for the remote detection of apnea. However,
existing works usually focus on monitoring specific sleep
events such as insomnia, apnea, etc., and lack the detection
of fine-grained vital signs. For the few works with vital
signs detection capability, it is difficult for them to accurately
detect vital signs throughout the night as SIpRoF.

To the best of our knowledge, SIpRoF is the first work
that improves the temporal coverage of vital sign estima-
tion in RF-based sleep monitoring. From multipath signal
features, we identify motionless, limb movement and torso
movement states during sleep and further extract vital
sign signals from limb movement states, which significantly
increase the total reporting time of vital sign estimations.
Furthermore, unlike the existing methods (e.g., MoRe-Fi [21]
and MoVi-Fi [22]) that utilize data-driven blackbox models
for motion-robust vital sign estimation, SIpRoF takes a prin-
cipled approach by exploiting harmonic features and multi-
path spatial diversity. SIpRoF has been validated in long-
term sleep studies on healthy subjects as well as through

clinical studies. In TABLE 3, we summarize the pros and
cons of related works in comparison with our method.

10 CONCLUSION

In this paper, we report our practice of improving the
temporal coverage of an RF-based sleep monitoring system,
SIpRoF, which provides accurate estimations of respiration
rate, respiration interval, and heart rate. By extracting the
time-frequency domain features of the reflected signals,
SIpRoF classifies body states into three types: motionless,
limb movement, and torso movement states and is able to
estimate vital signs under some limb movements, which is
the key to improve the temporal coverage of physiological
profile. Meanwhile, by searching heartbeat harmonics in the
spectrum, SIpRoF proposes a reliable heart rate extraction
method. We evaluated SIpRoF on ten healthy volunteers
and two patients in a variety of settings using commodity
hardware. Results demonstrate that SlpRoF outperforms
baseline methods in respiration interval and heart rate es-
timations with higher temporal coverage. Two clinical case
studies showed that the outputs from SlpRoF are in line
with patients” physical symptoms, and can detect abnormal
breathing events. Therefore, SIpRoF goes one step further
in monitoring cardiopulmonary health and early in-home
diagnosis of sleep disorders.
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