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Abstract: With the vigorous development of ubiquitous sensing technology, an increasing number of
scholars pay attention to non-contact vital signs (e.g., Respiration Rate (RR) and Heart Rate (HR))
detection for physical health. Since Impulse Radio Ultra-Wide Band (IR-UWB) technology has good
characteristics, such as non-invasive, high penetration, accurate ranging, low power, and low cost, it
makes the technology more suitable for non-contact vital signs detection. Therefore, a non-contact
multi-human vital signs detection method based on IR-UWB radar is proposed in this paper. By
using this technique, the realm of multi-target detection is opened up to even more targets for
subjects than the more conventional single target. We used an optimized algorithm CIR-SS based
on the channel impulse response (CIR) smoothing spline method to solve the problem that existing
algorithms cannot effectively separate and extract respiratory and heartbeat signals. Also in our
study, the effectiveness of the algorithm was analyzed using the Bland—Altman consistency analysis
statistical method with the algorithm’s respiratory and heart rate estimation errors of 5.14% and
4.87%, respectively, indicating a high accuracy and precision. The experimental results showed that
our proposed method provides a highly accurate, easy-to-implement, and highly robust solution in
the field of non-contact multi-person vital signs detection.

Keywords: IR-UWB radar non-contact; vital signs; smoothing splines; CIR; crossing threshold

1. Introduction

Since December 2019, the epidemic and outbreak of Corona Virus Disease 2019
(COVID-19) has become the most serious global health problem and has had a huge impact
on health care systems worldwide. COVID-19 has strong propagation characteristics [1].
When volunteers and medical workers check patients’ vital signs, they often make contact
with patients or secretions, resulting in personal protective equipment (Personal Protective
Equipment, PPE) surface residual contact with live viruses left by patients. This situation
greatly increases the risk of infection [1]. IR-UWB technology has good characteristics,
such as non-invasive, higher penetration, accurate ranging, low power, low cost, simple
hardware, and robustness to multipath interference. Therefore, IR-UWB radar technology
is more suitable for the field of non-contact vital signs detection.

Ultra-Wide Band (UWB) radar is a vital telemetry technology for life detection and
non-contact monitoring for its low power consumption, high penetration capability, and
strong anti-interference ability, as well as high resolution. It has been extensively em-
ployed in earthquake disaster rescue, home monitoring, military medicine, and many
other areas over the past few years. UWB technology has been gradually adopted since
the Federal Communications Commission (FCC) approved the civil microwave range of
3.1 G-10.6 GHz in ‘02 [2]. UWB technology has been applied to various aspects of life
(e.g., vital signs monitoring, through-wall detection, trajectory tracking [3], and indoor
positioning [4]). There are two sets of definitions for UWB signals. One set is defined
as absolute bandwidth higher than 500 MHz, while the other set is defined as fractional
bandwidth higher than 20% [2].
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UWRB radar is capable of detecting human targets by sensing the micro-motion in-
formation on the body’s surface caused by breathing and heartbeat [5]. Radar transmits
electromagnetic waves from the radar transmitter, and the waves reach the human body
through the propagation medium. In addition, the electromagnetic pulses are scattered
by the human body to generate the corresponding echo signals, which are propagated
through the medium to the radar receiver. Next, the signals are received by the receiver
and then sampled for data. IR-UWB radar shows the advantages of smaller volume, fine
power consumption, high SNR, and high anti-clutter performance in complex environ-
ments [6], compared with microwave Doppler radar. IR-UWB radar is capable of detecting
macroscopic and microscopic movements of the human body, and the non-contact ability
to estimate vital signs takes on a great significance in medical applications. IR-UWB has
been applied to many application scenarios for its high penetration performance in harsh
environments, robustness, and accuracy at the centimeter level. Since radar signals generate
signal attenuation and distortion when penetrating buildings (e.g., walls), it may result in
false alarms and low detection rates. In literature [7], multi-target was achieved by detect-
ing the possibility of target presence at a location in the target’s movement for localization
and tracking. A non-contact detection has been confirmed as a good option in complex sce-
narios where wired connections are not available or difficult to use (e.g., monitoring infants
and children) and natural disaster rescue (e.g., earthquake mudslides), as well as vital signs
monitoring of burn victims [8]. IR-UWB radar signals have the main advantage of is good
material penetration, which can easily penetrate walls for vital signs detection and target
identification [9]. In the literature [10], UWB bio-radar was studied, the vital signs imaging
model was proposed, and the self-focused imaging method was adopted to implement
respiratory rate and heart rate monitoring. In [11], Principal Component Analysis (PCA)
was conducted to project and compress the principal components of the data acquired from
UWB radar to improve the SNR and obtain the vital signs of the subjected target.

Human vital signs can result in micro-movements in the human chest wall, producing
weak echo signals. The original echo information collected by IR-UWB radar systems often
contains a considerable number of interfering signals (e.g., linear trends and static clutters,
and harmonic interference). Numerous relevant studies worldwide have been conducted
to suppress the clutters. In the literature [12], the adaptive clutter cancellation technique
was adopted to successfully eliminate a large amount of clutter similar to that of breathing.
In both [13,14], the fast Fourier transform (FFT) was initially used, and later the Hilbert—
Yellow transform algorithm was adopted to investigate the characteristic relationship
between time and frequency of respiration. In [15], singular value decomposition was
explored to extract respiration under low SNR conditions. In [16], the radar echo signal was
extracted using Empirical Mode Decomposition (EMD), followed by independent principal
component analysis for clutter suppression. Subsequently, the radar through-wall detection
was investigated. In [17], the ensemble empirical mode decomposition method (EEMD)
was employed for efficient extraction and separation of signals, and the first valley peak
was analyzed as a temporal feature.

Many UWB radar-based algorithms for non-contact vital signs detection have been
proposed over the past few years [18]. Variational Mode Decomposition (VMD) and con-
volutional sparse coding method were adopted to extract RR and HR [19]. In [20,21], the
radar echo signal in the slow time domain was converted into a spectrum, and then RR
and HR were extracted for the useful features in the extracted spectrum. An algorithm
based on integrated EMD and continuous wavelet filtering was adopted to extract relevant
information (e.g., physical signs [22]). A novel method was proposed in literature [23] to ex-
tract vital signs information, which was investigated using Quadrature Demodulation (QD)
technique to determine the phase of the signal from the input and output. Subsequently,
the spectrum averaged harmonic path approach (SHAPA) has been adopted to detect car
drivers’ respiration rate and heart rate [24]. In [25], a harmonic path (HAPA) algorithm
and SHAPA algorithm were proposed to detect the vital signs information. However, all
the above algorithms are considered vital signs detection methods for a single subject



Sensors 2022, 22, 6116

30f21

target. For multi-person vital signs detection, a two-dimensional (2D) image approach
was used in [26] to achieve information regarding the location of the person and relevant
information (e.g., breathing for multiple targets). In [27], a single effective peak cluster
from adjacent peaks was formed, the effective peak cluster caused by multiple people
was detected, and clustering algorithms were executed to detect multi-target vital signs
effectively. In [28], tracking and vital signs detection of multiple moving targets were
achieved, which can eliminate the adverse effects of body movements. In [29], Variational
Mode Decomposition (VMD) was used to decompose the vital signs of different targets
into different sub-signals, and multi-target tracking and vital signs detection were achieved.
In [30], the VMD algorithm was also adopted to detect the vital signs of multiple targets,
whereas it is experimentally proven to have good detection effect and robustness only when
the number of targets is two. However, the above algorithms for multiple human vitals
detection lack accuracy and algorithm complexity, and they cannot accurately estimate the
location information of multiple people, the respiratory rate, as well as the heart rate.

In response to the complexity of existing research worldwide on IR-UWB radar signal
analysis, it is difficult to extract multi-person vital signs related information accurately, and
range estimation from low SNR received signals using existing methods. On that basis, an
effective algorithm CIR-SS based on the channel impulse response (CIR) smoothing spline
method is proposed in this study, which is capable of accurately detecting the vital signs
of targets even under low SNR conditions and complex environments. The radar echo
signals are also subjected to crossing threshold and multi-person TOA distance estimation
and CIR-based azimuth to obtain the position information of multiple targets individually.
Subsequently, their vital signs are detected separately for multi-person vital signs detection.

The rest of this study is organized as follows. In Section 2, the IR-UWB radar signal
is modeled. In Section 3, the proposed algorithm is presented to estimate RR and HR for
vital signs detection in this study. In Section 4, the experimental results and performance
analysis are presented. Conclusions are presented in Section 5.

2. Related Work
2.1. IR-UWB Radar Signal Model

The transmitting antenna emits electromagnetic pulses, thus leading to the formation
of reflected pulses upon contact with the human body. The micro-motion information
of the thorax can be evaluated by the amplitude variation of the reflected pulse and the
TOA estimation. On that basis, the respiratory frequency and amplitude information can
be analyzed, and the target range estimation can be conducted by algorithms. Thus, the
distance from the transceiver antenna to the detected target is derived from the literature [6]
and can be expressed as:

d(t) =do+r(t) =do+ Sr(t) + Sp(t) = do + Ay sin(27tfyt) + Ay sin(27 fyt) (1)

where djy denotes the nominal distance from the transceiver antenna to the human chest;
Sr(t) and Sy, (t) represent the distance variation due to breathing and heartbeat, respectively;
Ay and Ay, represent the displacement amplitude and heartbeat frequency amplitude due
to breathing, respectively. f; and fj, are the breathing frequency and heartbeat frequency. If
J(t) represents the normalized received impulse, the total impulse response is expressed as:

r(T,t) = ayd(T — (1)) + ), a0 (T — ;) 2)

where t denotes the observation time; T denotes the propagation time; and a,(7 — 7, (t))
denotes the impulse response with propagation time 7,(¢) and amplitude a, formed by the
small movements of the chest wall. }; 4;,0(T — T;) denotes the corresponding sum of all
static targets at propagation time 7; with amplitude g; by i static targets. The propagation
time T, () is obtained by d(t) in (1), as expressed in Equation (3).

T(t) = %ét) = 79 + Tr sin(27tf,t) + T, sin(27 fj,t) 3)
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where 19 = 2dy/C, T, = 2A,/C, T, = 2A;,/C, and C is the speed of light, i.e., 3.0 x 108m/s.
The received signal is

R(t,t) =s(7) x h(t,T) = aps(T — w(t)) + Zi a;s(T—T;) 4)
s(T) and x propagate the signal and convolution operation, respectively.

2.2. Echo Model

The IR-UWB radar signal sampling process requires sampling of the time domain
information, which usually involves two-time axes. One is the fast time domain, i.e., the
time axis of the time domain information propagated by a single pulse signal. The other is
the slow time domain, which is the time axis adopted to represent the sequential relation-
ship between pulses. To simplify the model assuming the ideal case (i.e., ignoring static
echoes and other clutter), Equation (2) is transformed into a discrete-time 2-dimensional
echo matrix, which can be expressed as:

R[m,n] = r(t =mTs, T = an) )

where m and #n denote the number of samples in the slow and fast time domains, respec-
tively. Ts and Ty represent the sampling intervals in the slow and fast time domains.
Equation (4) can be expressed after discretization as

R[m,n] = r(mur,nTs)
= ays(mur — Tw(nTs)) + L a;S(mpr — 1)
— aus(mpg — 0T(nTs)) + La;S(mpr — 07,/2) ©

= hm,n] + c[m]

where yT denotes the fast-sampling interval; and Ts represents the continuous pulse
time. m and n express the number of fast time samples and the number of slow time-
domain samples, respectively. vpr = 2ug, h[m, n] denotes the human body micro-motion
information. c[m] is other slow time invariant static clutter. Moreover, in the actual
experimental process, the received signal may contain such as linear trend, AWGN, non-
stationary clutter and other unknown clutter. Thus, the received signal is expressed as:

R[m,n] = him,n] + c[m] + I[m, n] + w[m, n] + r[m, n] + u[m, n| (7)

I[m, n] is linear trend; w(m, n] denotes AWGN; r[m, n] is non-stationary clutter; and
u[m, n] denotes other unknown clutter. Since the radar echo contains a host of interfering
signals, how to solve the above interfering factors is elucidated in the algorithm design in
Part 3.

The ideal radar echo signal in the static environment after the removal of all clutters is
expressed as Equation (4).

R(T,t) = a,s(T — w(t)) ®)

To obtain the respiratory frequency f; and the heart rate f;,. In slow-time domain, the
Fourier transform (FT) of R(7, ) is

—+00
You(f) = / R(mor, t)e 2 dt )

Equation (9) is expressed in 2D FT as:

—+o00
Y(mér, f) = / Y (v, fe 1 do (10)

—00
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where Y (v, f):

+00 +o00 ‘ '
Y(U,f) = f f %(m(STIt)efﬂﬂftefﬂmjrdtdr

e
= [ apU(v)e /7 fte=12mom(b) 4y (11)
—0o0
+oo
_ avu(v)e—]ﬁnm’o f e—J2momy sin (27 frt) o—j27omy sin (27 ft) p—j27ft 44

—00

where U(v) denotes the IR-UWB pulses in the fast time domain after FT. f and v denote
the spectra in the slow and fast time domains, respectively. Using the Bessel function,
Equation (11) can be expressed as

k=—o00 |=—00

oo o o
Y(0,f) = agli(e)e P [ ( )y Mﬁw)eﬁ”kf”) ( r Iz(ﬁhv)eﬂ”"f”>ejz”ﬂdt (12)

—00

e —jzsin 27 fot) _ Z ]k 6 —j2mtk fot (13)

k=—o00

Br = 2mA, and By, = 21t Ay, so Equation (10) can be expressed as

+oo +o00
Y(mér, f) = ay Z 2 Gk (7 —kfr —1fy) (14)
k=—00l=—c0
where
0o .
Gua(t) = [ U@)(Bro)h(Bro)e™™ o (15)

when mér = 19, Equation (15) can be yielded as the maximum value, expressed as

o0
Ce=Gilm) = [ U@)(Bro)l(Bio)do (16)
+oo +00
Y(w,f)=a0 Y, Y, Cud(f—kfr —1fn) (17)
k=—c0[=—00

Set k and ! in Equations (16) and (17) as 0, respectively, so, f; and f; can be obtained.

3. Proposed Method

The original IR-UWB radar echo signal is first subjected to linear trend cancellation and
subsequently filtered by two fifth-order Butterworth filters. A smoothing filter is adopted
to obtain a smooth sampled echo signal. Cross-threshold-based multi-person TOA distance
estimation and CIR-based azimuth are capable of obtaining the human position information
extracted from the radar sampling echo signal. FT is performed in the slow time domain
followed by window selection for respiration frequency estimation of individual subject
targets. Moreover, the CIR-SS is adopted to eliminate the harmonic signal, thus obtaining
the heartbeat frequency of a single subject target in the pure heartbeat signal. Lastly, the
vital signs information of multiple people is output by comparing the target information.
Figure 1 illustrates the system flow chart.
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Figure 1. The system flow chart of this study.

3.1. Clutter Suppression
3.1.1. Static Clutter Suppression
IR-UWB echo signal contains micro-motion information of the test target and the signal

received by the surrounding environment through reflection and scattering. A significant
influencing factor is static clutter, which can be expressed as:

Z 1Zn 1 R[m, n]
M x N

Je = (18)
After its elimination as

Q[m,n] = R[m,n] — J. (19)

The linear trend in the echoes can be effectively eliminated using the LTS algo-
rithm [14].

w=0"—y(y"y) Cyrar (20)

where Y = N=1Lp=01,1,...,1

[yllyZ]/ yl = [0/ 1/

]5, T is the transpose matrix.

3.1.2. Clutter Signal Suppression

The experimental environment determines the IR-UWB radar pulse-echo signal, the
azimuth angle between the detection target and the antenna, the dielectric constant, the hu-
midity, and the electromagnetic wave polarization. Hence, its value is difficult to determine
as suggested in literature [18]. Since we cannot predict the above parameters accurately,
bandpass filtering is used instead of matched filtering. In this study, a Butterworth filter is
used for filtering with a transfer function:

H@)P = —— @
1+ (w/we)*Ns
where we and Ny denote the cutoff frequency and the order of the filter, respectively. It is
experimentally proven that the higher the filter order, the better the performance of the filter
will be. Thus, for complexity as low as possible, this study uses two fifth-order Butterworth
filters, i.e.,, N =5, while setting the normalized cutoff frequencies of 0.1036 and 0.0212 for



Sensors 2022, 22, 6116

7 of 21

the low-pass and high-pass filters, respectively. The normalized cutoff frequency can be

expressed as:
We

fs
fs denotes the sampling frequency in the fast time domain, and for each index 7 in the
slow time domain after filtering on W, in the fast time domain, there are

Wne = (22)

T[m,n] = byWlm,n] +boW[m —1,n] + ... + by, 1 W[m — Ny, n]

—ayW[m —1,n] — ... —ayn,+1W[m — Ng, n] @3

In this study, a 5th order Butterworth filter is adopted, so N, = N,; = 5 is set. Where g;
and b; denote the filter coefficients. A smoothing filter for filtering is adopted to suppress
non-stationary clutter, i.e.,

1 Ak -1
Slk,n] = 3 Y. T[m,n] (24)
m=Ak

where k = [1, [M/A]], [M/A] denotes the largest integer less then M/A. To improve the
SNR of the signal, the smoothing filter is employed to take an average of 7 values in the
slow time domain, so A = 7.

3.2. Target Range Estimation

After the previous filtering, most of the clutter is suppressed, whereas in Equation (7),
Gaussian noise w(m, n] is the main factor for the radar echo signal. In this section, we use
the statistical characteristic of the received signal for range estimation. Spectral kurtosis
has been used over the past few years to extract non-Gaussian signals, while their positions
in the frequency domain can be determined. This study uses an optimized algorithm for
estimating target spectrum range with Root Mean square (RMS) and Excess Kurtosis (EK).
The EK for each fast time domain is given as.

E|(S[m,n])*
Ekurt:%_?):{([mn])}_3 (25)

S (el

where x4 and x; denote the fourth-order centroid and second-order centroid of the sample,
respectively; E denotes the expectation of the sample. The RMS of S[m, n] is expressed as:

RMS = (26)

The RMS of EK is defined as
Q= Ekurt/RMS (27)

This statistical feature can only represent the spectral features caused by the target
and cannot directly estimate the target range, so further signal processing is required. To
further obtain the position information of the tested target from the spectral range, the
traditional method uses the Short Time Fourier Transform (STFT) algorithm [31]. In the
article [32], STFT and Hamming window are used for vital signs detection. However,
STFT is primarily dependent on the time width of the signal for analysis, the time width
is difficult to determine in practical experiments. Wavelet transform (WT) does not have
the above problems, and it exhibits a variable window size more suitable for analyzing
some non-stationary signals. Given a time-domain signal T(7), the continuous WT can be
expressed as:



Sensors 2022, 22, 6116

8 of 21

“+o00

CT:a_%/ T(T)t,b(Tab>dT (28)

Equation ((t — b)/a) denotes a wavelet with scaling and translation parameters
a and b, respectively, and ¢(t) denotes the conjugate complex of the wavelet’s mother
function. In this study, the mother wavelet function is chosen to the Mexican Hat (MH)
wavelet to obtain spectral information more intuitively, that is

P(T) = \%ﬂ}l (1 — Tz>e*§ (29)

Its Discrete Wavelet Transformation (DWT) is

DT:a—%;T(r)¢(7b> (30)

a

Setting the frequency window width from 0.6 GHz to 1.2 GHz to obtain the range
estimate of the target object from the echo signal, and then the distance between the target
and the IR-UWB radar is estimated as

A ot
R=— 31
; (1)
where 7 represents the maximum TOA estimate for the corresponding matrix. Thus, the
target information can be estimated accurately by the algorithm.

3.3. Signal Separation Algorithm CIR-SS

After clutter suppression, the original radar pulse-echo signal is extracted, whereas
the thoracic micro-motion caused by the heartbeat is fainter than the respiration, and the
heartbeat signal and the higher harmonics of the respiration have the same frequency. The
frequency of the heartbeat signal is consistent with the frequency of the higher harmonics
of respiration (3rd and 4th). Thus, it is necessary to propose an algorithm to separate
respiration and heartbeat effectively. In this study, an optimized algorithm using Smoothing
Spline for the CIR of respiration signals is proposed to extract respiration and heartbeat
signals effectively from IR-UWB radar echo signals.

A set of initial values of the window is set as follows:

{ti/Z(ti) : l = tO/tO + TS/' o /tO + W} (32)

The time between samples is denoted as Ts = 1/F;. W represents the window size,
and £y is the initial time. Since the respiration signal has a larger amplitude and resolution.
Therefore, the echo signal S, (t) is written as:

S,(1) = min ) {z(ti) —jAf(ti)}2 oy ¥ (e (33)

A
where A represents a non-negative smoothing parameter. f denotes the estimate of S,(t),

which is expressed as:
A to+ W A

)y =Y frit)fi(t) (34)

t=ty

where f;(t) in Equation (34) is a set of spline basis function. The B-Spline Basis Function
is adopted as the spline basis function. To obtain the solution of Equation (33), the vector
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A A A T
Q= [ f(to), -, f(to+ W)] is defined first. Subsequently, the roughness penalty of the

spline bases is

Al AT A
f (H%dt=Q AQ (35)

where A is [ fi" (t) fi" (t)dt. In this study, the roughness penalty smooth model with appro-
priate transformation of the B-sample basis function is applied to the smooth processing
of data with constraints to achieve a smooth fitting effect in radar echo data. Thus, the
penalized sum-of-squares can be written as:

AT A AT A
mAin{z—Q} {Z—Q}—I—/\Q AQ (36)
Q

where y = {z(ty), - ,z(to+ W)}', and the minimum value of Equation (36) is
A

Q= (I+ /\A)flz, so the heartbeat signal with the elimination of the breathing signal

is expressed as:
Su(t) = y(t) —m x£(1) 37)

3.4. Multi-Person TOA Estimation Algorithm Based on Threshold Crossing

Since the sampled signal contains a host of dense information, the conventional meth-
ods cannot determine the location information, a multi-person TOA estimation algorithm
based on threshold crossing is proposed in this study. The algorithm can find the effective
peak of the received signal by setting the threshold in the received signal to determine
the respective person’s location information and match the vital signs information of each
person by comparing the relevant information.

The IR-UWB radar signal is divided into several coherent clusters, so there is one and
only one local maximum peak in the respective coherent cluster. The maximum local peak
in each coherent cluster is considered a valid peak and subsequently compare each local
peak with its neighboring local peaks through a series of recursive algorithms to determine
the coherent clusters. Lastly, the number of coherent clusters we obtain refers to the number
of detected persons, and the position of each valid peak is the position of a single person.
A simple TOA is capable of estimating the relevant location information. The multi-person
TOA based on the threshold crossing estimation algorithm is specified as follows.

1. Set horizontal thresholds Tj,, left time Nj.¢; and right time Ny;gp;

2. Compare the instantaneous power p(t), p(t) = r?(t), where r(t) is the original signal;
3. Initialize. Set the dirty map d(t) by the power signal; set the sequence Ao, (1 : end) =0
of TOA, where (a : b) means from a to b; also initialize the number of people k = 0
and the number of iterations n = 0;

Find the index 1, = argmax;(d,(t)), whose magnitude is i, =d, (Tn);

Determine if ﬁ/n < Tpg4, then go to step 9;

Update the dirty map d,,1 (t) = d,(t) by filling it with 0: d,, (i’n — Nieft : Tn + Nright) =0;

N G

Ifa, < max{r(fn — Nieft + T + N,l-ght) }, we update its iteration number n = n + 1

while skipping to step 4;

8.  Storing the TOA information 1, Atoa(k) = t,, while updating the number of iterations
and the number of people, n = n + 1,k = k41, and go to step 4;

9.  The TOA position information of the respective person is A¢pa(1 : k).

On that basis, the distance of multiple people can be obtained, i.e., the TOA information

of each person. However, we cannot determine the azimuthal position of the distance, so we
will model each person to obtain their specific position information in the next subsection.
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3.5. CIR Based Multi-Person Azimuth Estimation Algorithm

In this part, a correlation model is built to get the azimuth information of a person, and
then compare it with the TOA information to determine the specific location information of
the target, and then acquire the specific vital signs information (including breathing and
heartbeat information) of each person by matching the information. In [33], the authors
propose a fully integrated 2-channel beamformer for 3-5 GHz pulsed ultra-wideband
(IR-UWB) receivers. The literature [34,35] proposed a UWB-based 4-channel beamformer.
In [36], the authors propose a multiple-input multiple-output (MIMO) array that employs
multiple IR-UWB radar transceivers. In multi-user scenarios, beamforming technology can
suppress real-world interference while increasing resolution, enabling higher data rates,
stronger anti-jamming capabilities, and range extension.

The IR-UWB radar used in this paper is a multiple-input multiple-output (MIMO)
radar that supports beamforming technology, and the transmitted signal is a multi-carrier
Gaussian pulse train signal. The receiver has a low noise amplifier (LNA), three buffer
stages, an energy detector, and an 8-bit SAR ADC. It will collect and quantize the received
UWSB signal energy. The IR-UWB radar system can generate 3D beamforming patterns
where both the transmitter and receivers are configured as integrated 2 x 2 2D planar
array antennas. Prior knowledge suggests that the CIR of the target is different in different
directions, so a signal model can be established using beamforming (BF) technology for its
transmitters Ty and receivers Ry to obtain the target azimuth and other relevant information.
The operation is presented as follows. Conventional Beamforming (CBF) technique is used
at the transmitter to generate a beam with the orientation angle (6, ¢), where the coefficient
sty of the direction vector of the m antenna is expressed as:

sTxm (6, 9) = exp[(—j27 (dpx cos 0 sin ¢ + dyy cos O cos P) ) / Ac] (38)

where dy,y and dy,; represent the horizontal and vertical distances, respectively. The CBF
technique is also employed at the receiver side corresponding to the transmitter side
to receive the signal while obtaining the Angle of Arrival (AOA) of the signal, and the
direction vector sg, of the nth antenna is

SR (0,¢) = exp[(—j271(dpx cos O sin + dyy cos O cos ) ) /Ac] (39)

where d;,, and dj, . denote the horizontal and vertical distances, respectively. In this study,
the BF technique is performed on Ty and R,.

4. Experimental Results and Analysis
4.1. Experimental System

The experimental system in this study comprised Novelda-developed X4m200 IR-
UWB MIMO radar and a laptop computer. The IR-UWB radar (Figure 2) comprised
transmitting antennas Ty and receiving antennas Ry, a radar module, a Microcontroller
Unit (MCU), a storage unit, as well as a power supply unit.

4.1.1. Parameters of the Radar

The IR-UWB radar transmitter had a bandwidth of 1.4 GHz, and the sensor center
frequency was 7.29 GHz in compliance with FCC regulations. The receiver accepted the
return signal at 23.328 GS/s, and it is capable of continuously covering a range of 10 m.
The radar device architecture is illustrated in Figure 2b, comprising a memory, processor,
pulse generator, LNA, digital baseband, transceiver, analog front-end, power management
unit (PMU), and serial peripheral interface (SPI). The pulse generator generated high-
frequency pulses and sent them through the transmitting antenna under the control of the
processor, and the echoes were generated when they reached the human chest, and the
receiving antenna received the radar echoes. The time interval between pulses transmitted
by IR-UWB radar was obtained using pulse repetition frequency (PRF).
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Figure 2. IR-UWB radar equipment and its structure diagram. (a) Radar equipment diagram.
(b) Radar equipment structure diagram.

The data acquisition refers to a laptop computer with Intel i5-9500 CPU and 16 G
memory. The computer is connected to the radar control module via a USB interface to
perform data acquisition and send control commands to the radar MCU. To compare the
experimental results in each case, contact sensors (e.g., Respiration belt and ECG sensor
module) served as the benchmark devices to check the vital signs of the subjects. The contact
sensor used to obtain respiratory rate was the respiration belt (Gdx-rb, Vernier Software &
Technology, 13979 SW Millikan Way, Beaverton, OR, USA), measuring the tension of chest
vibrations generated during each breath to obtain respiratory rate and other relevant data.
Furthermore, the ECG sensor (Psl-iECG2, PhysioLab Co., Ltd., Hyoyeol-ro 111 Buk-gu
Busan 46508 Korea, Busan, South Korea) was adopted to detect the heart rate.

4.1.2. Experimental Scene

Eight subjects were selected for relevant experiments in complex indoor, open indoor,
and open outdoor environments, respectively. The proposed CIR-SS algorithm was used
for the frequency estimation of signals and the estimation of the subject’s target range.

The complex indoor environment was selected from a laboratory with more noise
interference, which had desks, benches, computers, and other furniture, and its size was
5m x 5m. The open indoor environment was selected from a relatively empty hall on
the first floor of a teaching building, and its size was 5 m x 5 m; the open outdoor envi-
ronment was selected from an unoccupied outdoor garden, and its size was 5 m x 5 m.
The experimental scenario is illustrated in Figure 3 The IR-UWB radar used to get data
was placed on a tripod of 80 cm height. The subject was kept relatively still during the
experiment, sitting on a bench 40 cm high, with the chest 80 cm above the ground, and the
upper body kept straight with the chest facing the IR-UWB radar for even breathing.

Figure 3. Experimental scene diagram. (a) Complex indoor environment. (b) Open indoor environ-
ment. (c¢) Open indoor environment.
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When acquiring IR-UWB radar data, different experimental environments, measure-
ment distances, and experimental personnel can affect the echo signal. The basic informa-
tion of eight subjects (four males and four females) is listed in Table 1.

Table 1. Basic information of experimenters.

Subject (Sex) Age Height/cm Weight/kg Chest Width/cm
A (Male) 24 175 73 103
B (Male) 23 181 86 106
C (Male) 26 165 56 91
D (Male) 32 183 88 98
E (Female) 23 166 63 88
F (Female) 21 163 55 85
G (Female) 24 168 72 96
H (Female) 44 175 70 105

IR-UWB radar data acquisition set the PRF to 600 KHz, set the average number of
acquisitions N, = 30, through six segments sampled simultaneously, the time window of
each segment was set to 124 ns, and the sampling number of each segment N = 682. Subse-
quently, it is easy to know the number of samples in the fast time domain is N * 6 = 4092.
Therefore, each pulse signal reception time was N * N; /PRF = 0.0341 s, and 1759 pulses
can be received in the 60 s. The data were collected from eight subjects sitting facing the
IR-UWB radar, keeping even breathing, at distances of 1 m, 2 m, 3 m, 4 m, and 5 m from
the radar, and each group of data was collected five times, respectively, and the valid data
duration for each acquisition was 10 min.

To facilitate the performance analysis of the system in the following, the SNR of the
measured vital signs to noise and clutter are defined as follows.

ffp+B|Px |df
JoE (P(f)ldf = [y7*8 [Pe(f)|df

where Vi and Vi denote the ranges of respiratory and heartbeat frequencies, respectively;
fp is the peak index bin; Py (f) is the spectrum of vital sign, and the peak range is defined
as B. To evaluate the error, the following definition is made.

SNR = 10log,, (40)

‘HR,ef — HRyeas

Error =

N x 100% (41)

HRref

where HR,, f is the true value of the sample measured by pulse counting, HRes is the
estimated value of the sample, and N is the number of samples.

4.2. Performance Analysis of Vital Signs Algorithm
4.2.1. Influence of Different Distances

In this study, several sets of comparative experiments were designed to investigate the
effect of the subject’s distance from the IR-UWB radar on the radar path loss. Eight subjects
were individually tested for vital signs at 1 m, 2 m, 3 m, 4 m, and 5 m from the radar
in a complex indoor, open indoor, and open outdoor environment, respectively. In this
part, subject A is selected to estimate the respiratory and heartbeat frequencies in different
environments and distances, and the experimental results are shown in Figure 4.

As depicted in Figure 4, the subject’s vital signs (including breathing and heart rate)
can be accurately estimated using the proposed algorithm when the subject is at the same
detection distance from the radar in the same environment. Moreover, it is approximately
consistent with the data measured by the sensors. Nevertheless, as the distance of the
subject from the radar increased, the error of the estimated data increased significantly.
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To further compare the effect of different subject distances on the radar echoes, we cal-
culated the average error of respiration and heartbeat for eight subjects in three different
environments, and the results are listed in Table 2. As depicted in Table 2, the error of the
estimated vital signs increased gradually as the distance of the test target increased. The
experimental results showed that the average error measured at 1~3 m was smaller, and
the estimated vital signs were closer to the real values. The average errors of respiratory
rate were calculated as 4.33%, 4.80%, 4.75%, 5.66%, and 6.72% at 1 m, 2 m, 3 m, 4 m, and
5 m from the radar, respectively; the average errors of heart rate were 5.40%, 5.66%, 6.09%,
6.73%, and 7.35%, respectively. Figure 5 shows the time and frequency domain maps of the
vital signs of subject A acquired using IR-UWB radar in an open outdoor environment at
1m,2m,3m,4m,and 5 m, respectively.

[ HR-uws I RR-UWB

[N HR-UwB I RR-UWB [ HR-UwB I RR-UWB

frequency/Hz

[ HR-ECG I RR-RB [ HR-ECG [IIRR-RB [ HR-ECG [IIRR-RB

frequency/Hz
frequency/Hz

distance/m distance/m distance/m
(a) (b) (c)
Figure 4. The estimated vital signs of subject A in three different environments and at different distances.
(a) Complex indoor environment. (b) Open indoor environment. (c) Open outdoor environment.
Table 2. Vital signs errors and SNR at different distances parameter setting of IR-UWB radar.
1m 2m 3m 4m 5m
Error 5.24% 6.07% 5.44% 7.21% 8.75%
RR
SNR(dB) 10.52 9.72 8.54 8.10 7.73
Complex indoor
Error 6.32% 6.48% 6.89% 7.13% 8.20%
HR
SNR(dB) 5.74 431 1.24 —1.33 —-2.17
Error 4.75% 4.92% 5.02% 5.35% 6.70%
RR
SNR(dB) 12.01 11.76 9.67 9.52 8.93
Open indoor
Error 5.13% 5.37% 5.91% 6.74% 7.02%
HR
SNR(dB) 7.89 6.33 4.31 3.92 1.77
Error 2.99% 3.41% 3.79% 4.43% 4.72%
RR
SNR(dB) 12.45 11.98 10.03 9.77 8.59
Open outdoor
Error 4.75% 5.12% 5.47% 6.32% 6.83%
HR
SNR(dB) 8.32 7.25 5.29 4.03 2.71

As depicted in Figure 5a, the resolution of the IR-UWB radar acquired vitals signal
gradually decreases as the distance increases in the time domain. However, it can still
be analyzed in the frequency domain by the proposed algorithm, which shows that the
influence of distance on the algorithm in this study is slight, and it also shows that the
proposed algorithm shows robustness. As depicted in Table 2, the accuracy rate of this
study is high in the distance of 1-3 m, and the average accuracy rates of respiration and
heartbeat are calculated as 4.63% and 5.72%, respectively.
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Figure 5. Vital signs signals obtained by IR-UWB radar in Outdoor open environment. (a) Time
domain at different distances. (b) Frequency domain at different distances.

4.2.2. Environmental Effects on Vital Signs Signals

In this study, to evaluate the effects of the subject environment on the vital sign
signals, experiments were conducted in three different scenarios, including complex indoor,
open indoor and open outdoor environments, where eight subjects were individually
subjected to vital signs detection at 1 m, 2 m, 3 m, 4 m, and 5 m, respectively, from the
IR-UWB radar. Two sets of comparison experiments were designed to demonstrate the
effects of the subject environment on the received vital signs. One group was in an indoor
environment, and the comparison experiments were performed for subject A in a complex
environment in a real room and an open indoor environment, respectively. The data used
in the comparison experiments were averaged over 5 min of measurement, measuring
vital signs and determining the accuracy of their location estimation, and the results are
presented in Figure 6. The other group is the same in the open environment, subject A was
subjected to the comparison experiment in the open indoor and open outdoor environment,
respectively, and the results are presented in Figure 7.
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Figure 6. Indoor environment. (a) Respiratory rate estimation. (b) Heartbeat frequency estimation.
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Figure 7. Open environment. (a) Respiratory rate estimation. (b) Heartbeat frequency estimation.
(c) Range estimation.
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In the first set of comparative experiments, by observing Figure 6a, it can be seen that
when subject A was performing respiratory frequency estimation in an indoor environment,
the estimated respiratory frequency in an open environment was closer to the respiratory
belt sensor than in a complex environment. The measured data were closer to the real
breathing rate of subject A, and the error was smaller. The experiment expects that the
multipath effect and other interference signals received by IR-UWB radar in the complex
indoor environment were relatively large. Figure 6b is the heartbeat frequency estimation
in a complex indoor environment and an open indoor environment. At the same time,
compared with the data collected by the ECG sensor, we found that the estimated heartbeat
frequency value in an open indoor environment was closer to the value of the ECG sensor.
It was closer to the true heartbeat frequency of subject A. Figure 6c¢ is the position estimation
of the target with error bars. As depicted in this figure, the proposed algorithm is capable
of accurately estimating the position information of the target, and the estimated error is
stable at nearly 0.18 after the calculation range. The multipath effect is extremely significant
in the complex indoor environment due to debris (e.g., computers, desks, and benches).
The vital signs information echo signal obtained by IR-UWB radar contains a considerable
number of clutter signals, thus affecting the vital signs estimation and range estimation
of the tested target. As depicted in Figure 6¢, the range estimation performed in an open
indoor environment is more accurate and precise than in a complex indoor environment,
and the error is also smaller.

Figure 7 presents the second set of comparative experiments. Subject A was tested for
vital signs in both indoor and outdoor environments in the same open environment. As
depicted in Figure 7a,b, the subjects’ estimated heart rate and respiratory rate in an outdoor
environment are closer to the respiratory belt and ECG sensor values. The possible reason
for this result is that in the indoor environment, interference signals (e.g., the reflection of
reinforced concrete and walls) affect the IR-UWB radar. As depicted in Figure 7c, using
the proposed algorithm in an open outdoor environment can more accurately estimate the
position information of the current target to estimate the position of subject A. In other
words, it is farther from the baseline in the figure. At the same time, in an open outdoor
environment, compared with an open indoor environment, the error of the range estimation
is also smaller.

The experimental results show that the proposed algorithm achieves high robustness
and accuracy. According to the calculation results, the average respiratory frequency errors
in complex indoor, open indoor and open outdoor environments are nearly 6.54%, 5.35%,
and 3.87%, respectively; their heartbeat frequency errors are approximately 7.01%, 6.03%,
and 5.69%, respectively; and their target range estimation errors are about 0.258, 0.183, and
0.089, respectively.

4.2.3. Impact of Penetrating Medium on the Algorithm

This study considers the effect of the received signal when IR-UWB radar penetrates
different media, so the following two sets of comparative experiments were performed. In
the first set of experiments, the subjects performed vital signs detection at 1 m,2 m, 3 m,
4 m, and 5 m from the radar. The relevant vital signs detection experiments were performed
with or without walls for analysis. Figure 8 presents the through-wall performance of
the proposed algorithm and the experimental results. In another set of experiments, the
subjects performed vital signs detection at a position of 2 m. During the experiment, a
different medium was placed between the IR-UWB radar and the subject (at 1 m) (e.g., a
10 cm thick wall and a 10 cm thick wooden board). The Line-of-sight (LOS) environment is
compared, and the experimental results are illustrated in Figure 9.

In the first set of comparative experiments, by observing Figure 8a, it can be found
that as the experimental distance increased, the average detection rate of the detected vital
signs decreased in different ranges. When there was no obstacle between the subject and
the IR-UWB radar, i.e., under the LOS condition, the accuracy rate was higher than that of
the Non-line-of-sight (NLOS) environment. At the same time, the path loss of the radar
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signal when penetrating the wall was greater than that when the radar signal penetrates
the wall. Thus, the accuracy of detecting vital signs in penetrating the wooden board was
slightly higher than that of penetrating the wall. Figure 8b presents the cumulative error
distribution map, which reveals the cumulative effect of the error. As depicted in the figure,
the presence of steel bars and concrete walls in the wall had a greater impact on the IR-UWB
radar echo, and the wooden board was second. In the case of LOS, through-board and
Through-well, the average accuracy of the subjects’ vital signs was 95.30%, 93.52%, and
92.20%, respectively. Figure 9 presents the time-domain and frequency-domain diagrams
of IR-UWB radar signals when they pass through different media. It can be indicated that
the vital signs signals have high resolution.
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Figure 8. Distribution of accuracy and error accumulation when penetrating different media. (a) Ac-
curacy rate. (b) Cumulative distribution of errors.

06 I
AL
v . "[ \ N
I n Ok I\ \ -~ 1
N aly-- A AR VRN 7NN
o p N Iy 3 ‘ T N, v ’ ,
k-1 \
2 1 -~ ! \" :j/‘ % =10 V\—\/\/\ f\'/v\l A 1/ 1
‘s 1 [ ' o 2 \
8- 8 LA N\ 1 §-20f -
= 1 \ \ \ | &
B v Y Vo v =
06k N ’ Line-of-sight | -30 Line-of-sight
— = =Through-board — = —Through-board
0.8 Through-wall -40 Through-wall
0 100 200 300 400 500 600 0 0.2 0.4 0.6 0.8 1 1.2 1.4 1.6 1.8
Slow time index Frequency/Hz
(a) (b)

Figure 9. Time domain and frequency domain diagram of penetration through different media.
(a) Time domain of penetrating different media. (b) Frequency domain penetration of different media.

4.2.4. Effect of the Number of Subjects

In this study, the crossing threshold-based multi-person TOA estimation and the
CIR directional angle localization algorithm are used for multi-target determination, and
then the IR-UWB radar echoes are used to detect vital signs. To further evaluate the
effect of the number of subjects in this study on the vital signals received by the IR-UWB
radar, the following experiments were conducted: single and multiple human vital signs
detection, including breathing and heartbeat, were performed under the same indoor open
environment conditions, respectively. Moreover, the experimental scenarios are presented
in Figure 10. To further validate the accuracy of the proposed method, a Bland—-Altman
consistency analysis was conducted to compare ten sets of data values for single, two and
three targets, respectively. We performed the Bland-Altman consistency analysis for the
respiration data by comparing the estimated beat per minute (bpm) of respiration from
the IR-UWB radar with the data obtained from the respiratory belts and the experimental
results are presented in Figure 11. For the heartbeat data, we performed a Bland—-Altman
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agreement analysis between the bpm of heartbeat estimated by IR-UWB radar and the ECG
data, and the experimental results are shown in Figure 12.

Difference/bpm

Difference/bpm

Figure 10. IR-UWB radar experiment scene diagram under different number of tested targets. (a) One
subject. (b) Two subjects. (c) Three subjects.
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Figure 11. Bland—-Altman consistency analysis of respiration measured by IR-UWB radar and respira-
tion belt under different number of targets. (a) One subject. (b) Two subjects. (c) Three subjects.
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Figure 12. Bland-Altman consistency analysis of heartbeat measured by IR-UWB radar and ECG
under different number of targets. (a) One subject. (b) Two subjects. (c) Three subjects.

Figure 11 presents the Bland—-Altman agreement analysis of the estimated respiratory
bpm from IR-UWB radar and respiratory tapes for the different number of subjects, where
the horizontal axis represents the mean value of the respiratory bpm estimated from the
corresponding IR-UWB radar and the vertical coordinate is the difference between the
estimated respiratory bpm and the respiratory bpm from the respiratory tapes. The hori-
zontal axis of the same Figure 12 represents the mean of the heartbeat bpm estimated by the
IR-UWB radar and the heartbeat bpm obtained from the ECG, and the vertical coordinate
is the difference between the estimated heartbeat and the heartbeat bpm obtained from the
ECG. Mean denotes the mean difference between the value estimated from the radar and
the value calculated using the data obtained from the contact sensor, and Mean =+ 1.965D
is 1.96 times the standard deviation to make the upper and lower limits. As depicted in
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Figure 11, the Mean and Mean =+ 1.96SD values increased to varying degrees as the number
of people increased, suggesting that the calculated error increases as the number of subjects
increases, but all data are within the upper and lower limits of 1.96 times the standard
deviation. Figure 12 presents the results of the Bland-Altman agreement analysis between
the IR-UWB radar estimated heartbeat data and the contact ECG sensor for the different
number of subjects. The experiments showed that multiple targets affected the radar echoes
and thus had an effect on the final experimental estimation results. Figure 12c depicts that
there was a point where the mean value of 60 exceeded the lower limit of 1.96 times the
standard deviation, suggesting that the error is too large due to the weak signal and the
interference of other signals when measuring the heartbeat of three targets. Likewise, when
the target was a person, the estimated error was the smallest at 0.3074 bpm, and the overall
heartbeat error was calculated to be 0.8069 bpm on average. The specific experimental data
for error estimation are listed in Table 3.

Table 3. Estimation error of RR and HR of different number of subjects (unit of all values is bpm).

Vital Signs Statistical Parameters 1 Subject 2 Subjects 3 Subjects

Mean 0.0224 —0.3621 —0.5685

RR SD 0.3565 1.391 2.337
Mean — 1.965D —0.6764 —3.089 —5.149

Mean + 1.96SD 0.7212 2.365 4.012
Mean —0.3074 —0.9832 —1.130

HR SD 1.193 2.350 3.140
Mean — 1.965D —2.646 —5.590 —7.285

Mean + 1.96SD 2.031 3.623 5.024

4.2.5. Performance Analysis of Different Algorithms

To further analyze the algorithm’s performance we proposed, this study compares
some typical non-contact vital signs detection methods in recent years and analyzes the
error and SNR in the measurement of vital signs. We selected a person with the same respi-
ratory data in the LOS environment, used different algorithms to estimate the respiratory
frequency, and drew a time domain diagram (within the 20 s) and a frequency domain
diagram. The results are shown in Figure 13. In the same way, different algorithms are
used to estimate the heartbeat frequency, and the time domain diagram (within 10 s) and
frequency domain diagram are drawn. The result is shown in Figure 14.
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Figure 13. Time domain and frequency domain of breathing estimation using different algo-
rithms. (a) Time domain diagram of breathing estimation. (b) Frequency domain diagram of
breathing estimation.

Figure 13 is a comparison of breathing estimation using five different algorithms in
recent years and this study. As depicted in Figure 13a, the six algorithms on the time domain
diagram are approximately the same. In contrast to Figure 13b, the proposed algorithm
is more significant on the frequency domain diagram, and the respiratory frequency can
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be estimated relatively accurately. Likewise, Figure 14 depicts a comparison diagram for
heartbeat estimation. In Figure 14a, the proposed algorithm is closer to the real heartbeat,
and it also performs well in the frequency domain diagram of Figure 14b. To further
compare the performance of different algorithms.
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Figure 14. Time domain and frequency domain of heartbeat estimation using different algo-

rithms. (a) Time domain diagram of heartbeat estimation. (b) Frequency domain diagram of
heartbeat estimation.

Table 4 lists the error estimation and SNR when different algorithms are used for vital
signs. The proposed algorithm has an average error of 5.14% and 4.87% for breathing
estimation and heartbeat estimation, respectively. Compared with the other five algorithms,
the proposed algorithm reduces the estimated breathing and heartbeat errors by 3.91% and
4.77% on average, while the SNR is increased by nearly 8.75 dB on average. The experi-
mental results suggest that the proposed algorithm achieves high accuracy in detecting
breathing and heartbeat frequency. Moreover, this study has a high SNR, suggesting that
the proposed algorithm achieves high robustness and can suppress or eliminate the clutter
signal in the IR-UWB radar echo signal. The above analyses and findings are the original
intentions of this study.

Table 4. Errors and signal-to-noise ratios of different algorithms for estimating vital signs.

Papers Published Year Algorithm RR_Error (%) HR_Error (%) SNR (dB)
[30] 2017 VMD Algorithm 12.76 13.58 —8.44
[17] 2019 FVPIEF 10.34 9.93 —5.24
[18] 2019 Convolutional Sparse Coding 9.81 10.77 —4.67
[10] 2020 PCA 6.69 8.52 4.19
[23] 2020 Quadrature Demodulation 5.63 5.37 3.23

This study Proposed 5.14 4.87 6.56

5. Conclusions

The purpose of this study is to design algorithms that can effectively eliminate in-
terference signals from IR-UWB radar echo signals, and at the same time, can accurately
and effectively estimate the breathing and heartbeat frequencies of the target. The CIR-SS
algorithm is proposed to effectively extract and separate the respiration and heartbeat
signals due to the low SNR of the received signals when the IR-UWB radar senses human
respiration and heartbeat. The multi-person TOA estimation algorithm using Threshold
Crossing CIR-based multi-person azimuth estimation algorithm can effectively estimate
multiple targets’ location information and compare the target information to achieve multi-
person vital signs detection. The algorithm’s performance is analyzed for subjects with
different detection ranges and different scenarios, and the average errors of respiratory rate
and heart rate estimation reach 5.14% and 4.87%, respectively. Moreover, the proposed
algorithm achieves high SNR, high robustness, and easy implementation compared with
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other vital signs detection methods proposed over the past few years through compar-
ison experiments. Future research will be carried out on the Doppler effect of IR-UWB
radar, thereby effectively reducing the algorithm’s complexity. At the same time, due
to a restriction set in the experiment in this paper, the subjects are all still, which is not
suitable for moving subjects. The future research direction can be vital signs detection for
moving subjects.

Author Contributions: ].Z. and X.D. conceived and designed the experiments; ].Z. performed the
experiments; ].Z. and X.D. analyzed the data and wrote the paper; ].Z. and Z.H. helped in writing
the introduction and the related works and critically revised the paper; Z.H. revised the equations,
and critically revised the paper. All authors have read and agreed to the published version of
the manuscript.

Funding: This work was funded by National Natural Science Foundation of China (61762079). Gansu
Province Science and Technology Support Key R&D Program Project (20YF8GA048). 2019 Chinese
Academy of Sciences “Light of the West” Talent Program (201923).

Institutional Review Board Statement: Not applicable.

Informed Consent Statement: Informed consent was obtained from all subjects involved in the
study. Written informed consent has been obtained from the subjects to publish this paper.

Data Availability Statement: Data are contained within the article.

Acknowledgments: The authors would like to thank the reviewers for their thorough reviews and
helpful suggestions.

Conflicts of Interest: The authors declare no conflict of interest.

References

1. Roberts, K.P,; Phang, S.C.; Williams, J.B.; Hutchinson, D.J.; Kolstoe, S.E.; de Bie, J.; Williams, 1.D.; Stringfellow, A.M. Increased
personal protective equipment litter as a result of COVID-19 measures. Nat. Sustain. 2022, 5, 272-279. [CrossRef]

2. Federal Communications Commission. Revision of Part 15 of the Commission’s Rules Regarding Ultra-Wideband Transmission Systems;
First Report and Order, ET Docket 98-153, FCC 02-48; Federal Communications Commission: Washington, DC, USA, 2002; pp. 1-118.

3. Yan, B.; Giorgetti, A.; Paolini, E. A track-before-detect algorithm for UWB radar sensor networks. Signal Process. 2021, 189, 108257.
[CrossRef]

4. Peng, P;Yu, C,; Xia, Q.; Zheng, Z.; Zhao, K.; Chen, W. An Indoor Positioning Method Based on UWB and Visual Fusion. Sensors
2022, 22, 1394. [CrossRef] [PubMed]

5. Liang, S.D. Sense-through-wall human detection based on UWB radar sensors. Signal Process. 2016, 126, 117-124. [CrossRef]

6. Zhang, X.; Yang, X.; Ding, Y.; Wang, Y.; Zhou, J.; Zhang, L. Contactless Simultaneous Breathing and Heart Rate Detections in
Physical Activity Using IR-UWB Radars. Sensors 2021, 21, 5503. [CrossRef]

7. Yoo,S.; Wang, D.; Seol, D.M.; Lee, C.; Chung, S.; Cho, S.H. A multiple target positioning and tracking system behind brick-concrete
walls using multiple monostatic IR-UWB radars. Sensors 2019, 19, 4033. [CrossRef]

8. Lv, H,; Li, W.; Li, Z,; Zhang, Y,; Jiao, T.; Xue, H.; Liu, M.; Jing, X.; Wang, J. Characterization and identification of IR-UWB
respiratory-motion response of trapped victims. IEEE Trans. Geosci. Remote Sens. 2014, 52, 7195-7204. [CrossRef]

9.  Silva, B,; Hancke, G.P. IR-UWB-based non-line-of-sight identification in harsh environments: Principles and challenges. IEEE
Trans. Ind. Informatics 2016, 12, 1188-1195. [CrossRef]

10. Liang, F; Liu, M; Qi, EG,; Lv, H.; Xue, H],; Lu, G.; Wang, J. Through the wall imaging of human vital signs based on UWB
MIMO bioradar. Prog. Electromagn. Res. C 2018, 87, 119-133. [CrossRef]

11.  Khanh, L.D.; Duong, PX. Principal Component Analysis for Heart Rate Measurement using UWB Radar. Int. |. Fuzzy Log. Intell.
Syst. 2020, 20, 211-218. [CrossRef]

12. Li, Z,; Li, W,; Lv, H.; Zhang, Y,; Jing, X.; Wang, ]J. A novel method for respiration-like clutter cancellation in life detection by
dual-frequency IR-UWB radar. IEEE Trans. Microw. Theory Tech. 2013, 61, 2086—2092. [CrossRef]

13. Wu, S;; Yao, S,; Liu, W,; Tan, K; Xia, Z.; Meng, S.; Chen, J.; Fang, G.; Yin, H. Study on a novel UWB linear array human respiration
model and detection method. IEEE ]. Sel. Top. Appl. Earth Obs. Remote Sens. 2016, 9, 125-140. [CrossRef]

14. Liu, L; Liu, Z,; Xie, H.; Barrowes, B.; Bagtzoglou, A.C. Numerical simulation of UWB impulse radar vital sign detection at an
earthquake disaster site. Ad Hoc Netw. 2014, 13, 34—41. [CrossRef]

15. Nezirovic, A.; Yarovoy, A.G.; Ligthart, L.P. Signal processing for improved detection of trapped victims using UWB radar. IEEE
Trans. Geosci. Remote Sens. 2009, 48, 2005-2014. [CrossRef]

16. Zhu, F; Xu, Y.Y;; Fang, G.Y. Vital signal detection method based on principal component analysis and empirical mode decomposi-

tion for ultra wideband radar. Acta Electron. Sin. 2012, 40, 344.


http://doi.org/10.1038/s41893-021-00824-1
http://doi.org/10.1016/j.sigpro.2021.108257
http://doi.org/10.3390/s22041394
http://www.ncbi.nlm.nih.gov/pubmed/35214294
http://doi.org/10.1016/j.sigpro.2015.09.022
http://doi.org/10.3390/s21165503
http://doi.org/10.3390/s19184033
http://doi.org/10.1109/TGRS.2014.2309141
http://doi.org/10.1109/TII.2016.2554522
http://doi.org/10.2528/PIERC18062004
http://doi.org/10.5391/IJFIS.2020.20.3.211
http://doi.org/10.1109/TMTT.2013.2247054
http://doi.org/10.1109/JSTARS.2016.2519760
http://doi.org/10.1016/j.adhoc.2012.08.006
http://doi.org/10.1109/TGRS.2009.2036840

Sensors 2022, 22, 6116 21 of 21

17.

18.
19.

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

Shyu, K.-K.; Chiu, L.-J.; Lee, P-L.; Tung, T.-H.; Yang, S.-H. Detection of breathing and heart rates in UWB radar sensor data using
FVPIEF-based two-layer EEMD. IEEE Sens. |. 2018, 19, 774-784. [CrossRef]

Duan, Z; Liang, J. Non-contact detection of vital signs using a UWB radar sensor. IEEE Access 2018, 7, 36888-36895. [CrossRef]

Wang, P; Qi, E; Liu, M; Liang, F; Xue, H.; Zhang, Y.; Lv, H.; Wang, J. Noncontact heart rate measurement based on an improved
convolutional sparse coding method using IR-UWB radar. IEEE Access 2019, 7, 158492-158502. [CrossRef]

El-Bardan, R.; Malaviya, D.; Di Rienzo, A. On the estimation of respiration and heart rates via an IR-UWB radar: An algorithmic
perspective. In Proceedings of the 2017 IEEE International Conference on Microwaves, Antennas, Communications and Electronic
Systems (COMCAS), Tel-Aviv, Israel, 13-15 November 2017.

Wisland, D.T.; Granhaug, K.; Pleym, J.R.; Andersen, N.; Hjortland, H.A. Remote monitoring of vital signs using a CMOS
UWB radar transceiver. In Proceedings of the 2016 14th IEEE International New Circuits and Systems Conference (NEWCAS),
Vancouver, BC, Canada, 26-29 June 2016.

Sakamoto, T.; Muragaki, M.; Tamura, K.; Okumura, S.; Sato, T.; Mizutani, K.; Inoue, K.; Fukuda, T.; Sakai, H. Measurement of
instantaneous heart rate using radar echoes from the human head. Electron. Lett. 2018, 54, 864-866. [CrossRef]

Liu, B.; Fu, Q.; Chen, Z.; Tao, W.; Dai, Z. A new method for vital sign monitoring using IR-UWB radar. IOP Conf. Ser. Earth
Environ. Sci. 2020, 512, 012158. [CrossRef]

Schires, E.; Georgiou, P.; Lande, T.S. Vital sign monitoring through the back using an UWB impulse radar with body coupled
antennas. [EEE Trans. Biomed. Circuits Syst. 2018, 12, 292-302. [CrossRef]

Nguyen, V.; Javaid, A.Q.; Weitnauer, M.A. Spectrum-averaged harmonic path (SHAPA) algorithm for non-contact vital sign
monitoring with ultra-wideband (UWB) radar. In Proceedings of the 2014 36th Annual International Conference of the IEEE
Engineering in Medicine and Biology Society, Chicago, IL, USA, 26-30 August 2014; pp. 2241-2244.

Ha, T.; Kim, J. Detection and localization of multiple human targets based on respiration measured by IR-UWB radars. In
Proceedings of the 2019 IEEE SENSORS, Montreal, QC, Canada, 27-30 October 2019.

Choi, ].W.; Nam, S.S.; Cho, S.H. Multi-human detection algorithm based on an impulse radio ultra-wideband radar system. IEEE
Access 2016, 4, 10300-10309. [CrossRef]

Mercuri, M.; Lorato, LR.; Liu, Y.-H.; Wieringa, E.; Van Hoof, C.; Torfs, T. Vital-sign monitoring and spatial tracking of multiple
people using a contactless radar-based sensor. Nat. Electron. 2019, 2, 252-262. [CrossRef]

Yan, J.; Hong, H.; Zhao, H.; Li, Y.; Gu, C.; Zhu, X. Through-wall multiple targets vital signs tracking based on VMD algorithm.
Sensors 2016, 16, 1293. [CrossRef] [PubMed]

Ding, C.; Yan, ].; Zhang, L.; Zhao, H.; Hong, H.; Zhu, X. Noncontact multiple targets vital sign detection based on VMD algorithm.
In Proceedings of the 2017 IEEE Radar Conference (RadarConf), Seattle, WA, USA, 8-12 May 2017.

Crochiere, R. A weighted overlap-add method of short-time Fourier analysis/synthesis. IEEE Trans. Acoust. Speech Signal Process.
1980, 28, 99-102. [CrossRef]

Liang, X.; Zhang, H.; Gulliver, T.A.; Fang, G.; Ye, S. An improved algorithm for through-wall target detection using ultra-wideband
impulse radar. IEEE Access 2017, 5, 22101-22118. [CrossRef]

Gao, Y,; Zheng, Y.; Diao, S.; Zhu, Y.; Heng, C.H. An integrated beamformer for IR-UWB receiver in 0.18-um CMOS. In Proceedings
of the 2011 IEEE International Symposium of Circuits and Systems (ISCAS), Rio de Janeiro, Brazil, 15-18 May 2011.

Liu, Y.; Zhang, W,; Liu, Y. A fully integrated 4-channel beamformer based on TTD phased array in 0.18 um CMOS. Microelectron.
J. 2018, 80, 81-86. [CrossRef]

Wang, L.; Lian, Y.; Heng, C.H. 3-5 GHz 4-Channel UWB Beamforming Transmitter with 1° Scanning Resolution Through
Calibrated Vernier Delay Line in 0.13-um CMOS. IEEE ]. Solid-State Circuits 2012, 47, 3145-3159. [CrossRef]

Dooghabadi, M.Z.; Hjortland, H.A.; Lande, T.S.B. A linear IR-UWB MIMO radar array. In Proceedings of the 2013 IEEE
International Conference on Ultra-Wideband (ICUWB), Sydney, Australia, 15-18 September 2013.


http://doi.org/10.1109/JSEN.2018.2878607
http://doi.org/10.1109/ACCESS.2018.2886825
http://doi.org/10.1109/ACCESS.2019.2950423
http://doi.org/10.1049/el.2018.0811
http://doi.org/10.1088/1755-1315/508/1/012158
http://doi.org/10.1109/TBCAS.2018.2799322
http://doi.org/10.1109/ACCESS.2016.2647226
http://doi.org/10.1038/s41928-019-0258-6
http://doi.org/10.3390/s16081293
http://www.ncbi.nlm.nih.gov/pubmed/27537880
http://doi.org/10.1109/TASSP.1980.1163353
http://doi.org/10.1109/ACCESS.2017.2761771
http://doi.org/10.1016/j.mejo.2018.07.003
http://doi.org/10.1109/JSSC.2012.2216704

	Introduction 
	Related Work 
	IR-UWB Radar Signal Model 
	Echo Model 

	Proposed Method 
	Clutter Suppression 
	Static Clutter Suppression 
	Clutter Signal Suppression 

	Target Range Estimation 
	Signal Separation Algorithm CIR-SS 
	Multi-Person TOA Estimation Algorithm Based on Threshold Crossing 
	CIR Based Multi-Person Azimuth Estimation Algorithm 

	Experimental Results and Analysis 
	Experimental System 
	Parameters of the Radar 
	Experimental Scene 

	Performance Analysis of Vital Signs Algorithm 
	Influence of Different Distances 
	Environmental Effects on Vital Signs Signals 
	Impact of Penetrating Medium on the Algorithm 
	Effect of the Number of Subjects 
	Performance Analysis of Different Algorithms 


	Conclusions 
	References

