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ABSTRACT Vital signs are important indicators to evaluate the health status of patients. Channel state
information (CSI) can sense the displacement of the chest wall caused by cardiorespiratory activity
in a non-contact manner. Due to the influence of clutter, DC components, and respiratory harmonics,
it is difficult to detect reliable heartbeat signals. To address this problem, this paper proposes a robust
and novel method for simultaneously extracting breath and heartbeat signals using software defined
radios (SDR). Specifically, we model and analyze the signal and propose singular value decomposi-
tion (SVD)-based clutter suppression method to enhance the vital sign signals. The DC is estimated
and compensated by the circle fitting method. Then, the heartbeat signal and respiratory signal are
obtained by the modified variational modal decomposition (VMD). The experimental results demon-
strate that the proposed method can accurately separate the respiratory signal and the heartbeat signal
from the filtered signal. The Bland-Altman analysis shows that the proposed system is in good agree-
ment with the medical sensors. In addition, the proposed system can accurately measure the heart rate
variability (HRV) within 0.5m. In summary, our system can be used as a preferred contactless alter-
native to traditional contact medical sensors, which can provide advanced patient-centered healthcare
solutions.

INDEX TERMS OFDM, heartbeat estimation, VMD, SVD.

I. INTRODUCTION

V ITAL signs such as breathing and heartbeat reflect
people’s health status. Instabilities in heart rate and

breathing rate, both short-term and long-term, are early indi-
cators of physiological changes. Additionally, some diseases
can be prevented and detected through the monitoring of
abnormalities in vital signs, such as chronic obstructive pul-
monary disease (COPD) [1] and sleep apnea [2]. However,
due to the limited availability of medical resources, long-
term hospitalization is not a viable option for patients.
Consequently, there is a pressing need for a continuous and
cost-effective method of monitoring vital signs within a home
setting.

Wearable devices such as electrocardiograms (ECG) and
smartwatches [3] are capable of providing medical-grade
insights, yet they may not be suitable for individuals with
sensitive skin, such as the burn patients and patients with
dermatological conditions.While computer vision-based sys-
tems [4], [5], [6] facilitate non-contact monitoring, they
necessitate considerations regarding privacy protection and
are affected by lighting conditions. Radio Frequency (RF)
sensing methods have successfully addressed these con-
straints. Owing to their non-invasive and privacy-preserving
properties, RF sensing has promising clinical applica-
tions, from early disease detection to personalized patient
care [7].
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In radio frequency sensing, radar and ubiquitous signals
(such as WiFi) are often used for vital sign monitor-
ing frequency modulated continuous wave (FMCW) [8],
[9], [10] radar and ultrawideband (UWB) radar [11] can
acquire range bin for the target of interest and suppress
interference from other range bins. However, the high cost of
dedicated radar hardware is not easy to popularize in the home
scene. In recent years, researchers have used communication
signals for sensing applications. The main reason is that the
frequencies and waveforms used are ubiquitous in common
communication equipment, making it possible to implement
such a system at a very low cost. AbdeInasser et al. proposed
using the received signal strength (RSS) fromWiFi for breath
detection [12]. However, RSS is insensitive to the minute
chest movements during respiration and can be easily over-
whelmed by noise [13]. Compared with RSS, the fine-grained
channel state information (CSI) in orthogonal frequency divi-
sion multiplexing (OFDM) systems characterizes the rich
changes in signal propagation, e.g., CSI amplitude [14],
[15], [16] and CSI phase difference between two anten-
nas [17]. However, due to the influence of multipath, the
respiratory waveform patterns collected by users at differ-
ent positions are quite different, which makes the amplitude
and phase difference data difficult to accurately represent
the chest displacement. In order to overcome the above
problems, some studies [18], [19] discovered the comple-
mentarity of CSI amplitude and phase difference, and the
comprehensive changes in amplitude and phase difference
can accurately estimate respiratory rate (RR). In addition, CSI
is composed of multiple subcarriers and different subcarriers
have different sensitivity to environmental changes. In [20],
Gu et al. extracted the subcarrier with the highest variance
to monitor user breathing, but this method may be interfered
by ambient noise. In [21] and [22], the principal compo-
nent analysis method is applied to reduce the dimensionality
and noise of subcarriers. However, the extraction of princi-
pal component is experiment-based and lacks of theoretical
justification.

Heartbeat signals are easily submerged in environmental
noise and respiratory harmonics, so it is challenging to extract
heartbeat from CSI. In [23], Liu et al. used directional anten-
nas instead of omnidirectional antennas to direct the beam
toward the human chest, thus verifying the feasibility of CSI
measurement of heart rate (HR). However, this method lacks
theoretical validation. Zhang et al. calculated the respiratory
signal and heartbeat signal-to-noise ratio (SNR) of each sub-
carrier, utilized the complementarity of amplitude and phase,
and selected subcarriers with high SNR to achieve heart rate
monitoring [24]. However, the band-pass [23], [24], [25], [26]
filter to extract heartbeat signal may lead to the distortion
of the recovered heartbeat signal. Wang et al. successfully
obtained human respiratory and heartbeat signals from phase
differences using wavelet decomposition [27]. However, the
above methods only eliminate the zero-frequency compo-
nents of phase difference or amplitude, ignoring the DC
components of I /Q and static clutter. Therefore, the vital signs

may be distorted, which makes it difficult to extract HRV
parameters.

The programmable concept of the software defined
radio (SDR) provides flexibility in developing the realiza-
tion and modification of the sensing system. SDR allows
us to change various parameters in real-time, such as the
number of subcarriers, carrier frequency, bandwidth, and
power level for example, the author in [28], [29] extracted
CSI by SDR and realized abnormal breath recognition by
machine learning. Deep learning [30], [31], [32], [33], [34]
and optimization algorithms [35] can help improve recogni-
tion accuracy.

To improve the SNR of vital monitoring, we designed a
non-contact cardiopulmonary activity sensing system based
on OFDM using a SDR platform. The proposed system has
the advantages of miniaturization, high sensitivity and non-
invasive, which can meet the needs of clinical applications.
Specifically, we propose the SVD method to achieve noise
reduction and dimension reduction, which is verified by
theory and experiment. In addition, this study reveals the
influence of static components on CSI phase. We estimate the
static component by circle fitting method, which improves
the SNR of vital signs. We modified the VMD method to
ensure the extraction of heartbeat signals, and the experimen-
tal results show that the proposed method is better than the
existing methods in heart rate (HR) estimation. In summary,
our system is helpful for the analysis of respiratory and
heartbeat rhythm, detection of HRV parameters, and clinical
cardiopulmonary disease evaluation.

The main contributions of this paper are summarized as
follows:

1. We propose using SVD method to achieve denoising
and dimensionality reduction of CSI, which makes it
possible to extract vital signs under low SNR condi-
tions.

2. We propose using the l1-norm to estimate the DC com-
ponent in CSI. After DC compensation, the modified
differentiate and cross-multiply (MDACM) is further
used to obtain accurate phase of vital sign signals.

3. We modified VMD to separate respiratory and heart-
beat signals. In addition, we can accurately obtain
parameters of HRV from the separated heartbeat signal.
The experimental results show that our system has high
consistency with the medical sensors.

The remaining of this paper is organized as follows:
Section II presents the system architecture and signal model.
Section III presents proposed method and signal processing,
include frame synchronization, SVD filtering, DC offset cali-
bration, phase demodulation and vital signs signal separation.
Section IV presents simulation and experimental results, per-
formance evaluation and analysis. Finally, conclusions are
presented in Section V.

II. ARCHITECTURE AND MODEL
In this section, we will introduce the architecture of the
system in detail.
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A. SYSTEM ARCHITECTURE
The system architecture is shown in Fig. 1. The low cost,
flexible universal software radio peripheral (USRP) B210
software defined radio (SDR) is used as a transceiver. The
microstrip directional antenna with a gain of 14 dBi is
used to transmit and receive RF signals, and its horizon-
tal and vertical beamwidth are 35◦ and 40◦, respectively.
This wide beamwidth can illuminate a larger field, which
allows the target to have some slight misalignment rela-
tive to the antenna. The implemented hardware is shown
in Fig. 2. We design OFDM flow graph in open source
GNUradio framework and deploy it on USRP B210 to CSI in
real time.

FIGURE 1. System architecture.

FIGURE 2. Hardware for sensing system.

In the transmitting module, we use Matlab 2022a to gener-
ate baseband signals. Each frame consists of two parts: head
and data. The head part is used for frame synchronization.
The data part is an OFDM symbol used for sensing, which
is converted to the time domain by an inverse fast Fourier
transform (IFFT) of length 64. Further, a cyclic prefix (CP)
of size 8 samples is appended to each part, making each
part 72 samples long.

In the receiving module, frame synchronization is per-
formed using the head part, and then CP and head are
further removed from the received signal. After perform-
ing fast Fourier transform (FFT) on the remaining data
part, the frequency domain information of 64 subcarriers
can be obtained. We use SVD to remove non-stationary
noise and reduce the dimensionality of 64 subcarriers. It is
worth noting that vital sign information mainly depends
on the phase of the RF signal rather than its amplitude.
Compressed sensing is used to remove the DC com-
ponent, and then demodulate the signal to obtain the
phase variation. Finally, the modified VMD to decompose
the phase to obtain the target’s breathing and heartbeat
signals.

B. SIGNAL MODEL
The movement of the chest wall caused by breathing and
heartbeat causes periodic changes in RF signals. The phase
variation of the Rx signal can characterize the target’s
cardiorespiratory activity. Let R0 be the distance between
antenna and human body. Rv(t) represents the displacement
of the chest caused by respiration and heartbeat. The instan-
taneous distance R(t) from the sensing system to the human
body is expressed as

R(t) = R0 + Rv(t)

= R0 + Ab sin(2π fbt)+ Ah sin(2π fht +1θ ) (1)

where Ab and Ah are the amplitudes of respiration and
heartbeat, respectively, fb and fh are the frequencies of res-
piration and heartbeat, respectively, and the 1θ represents
the phase difference between respiration and heartbeat at
the initial moment. The Channel frequency response (CFR)
can be decomposed into dynamic componentsHd (q, t), static
components Hs, and noise n. Therefore, the Rx signal is
expressed as:

H (q, t) = ave−j2π(f+q1f )τv(t)︸ ︷︷ ︸
Hd (q,t)

+

L∑
l=1

ale−j2π(f+q1f )τl

︸ ︷︷ ︸
Hs

+n

(2)

where av and τv(t) =
2R(t)
c are the amplitude and delay of

the human body’s reflected signal, respectively, al and τl
are the amplitude and delay of the lth path, respectively,
f is the carrier frequency of the wireless signal, 1f is the
interval between subcarriers, q is the index of the subcarrier,
and n is noise.
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Previous study [34] have shown that the coupling/leakage
from Tx to Rx accounts for a large portion of the total
received RF power. In order to simplify the analysis, the
coupling signal is considered as the static components.
The power of the static and dynamic components can be
expressed as

|Hs|2 = Pt − ISO (3)

|Hd (q, t)|2 =
PtGtGrλ2σ
R4(4π)3

(4)

where Pt is the Tx power, ISO is the Tx-Rx isolation,
Gr and Gt represent the gain of the Rx and Tx antennas,
respectively, λ represents the wavelength, σ is radar cross
section (RCS). The static signal (DC) affects the phase of vital
sign signals. Therefore, it is necessary to analyze the signal
intensity of the static and dynamic components in order to
obtain accurate vital sign signals, the ratio of static compo-
nent power to dynamic component power is expressed as

ρ =
|Hd |
|Hs|
=

√
ISO× GtGrλ2σ

R4 (4π)3
(5)

We will explain ρ influence on the phase in the following
two cases:

In case 1, the intensity of the dynamic component is greater
than that of the static component, i.e., ρ > 1. When the
dynamic component Hd rotates for one cycle, the phase
change of the received signal is 2π as shown in Fig. 3(a).
In this case, the phase change caused by target motion is as
large as possible.

FIGURE 3. Illustration of the phase change under different cases.
(a) case1: the phase change when ρ > 1. (2) case2: the phase change
when ρ < 1.

In case 2, the intensity of the reflected signal is less than
or equal to that of the static component. We further subdivide
this case into four cases as shown in Fig. 3(b). The purple
box and the green box represent the exhalation and inhalation,
respectively. In case 2.1, the phase decreases during inspira-
tion and increases during expiration. In case 2.2, the phases
of inspiration and expiration decrease first and then increase,
which makes the waveform of one respiratory cycle approx-
imate to the cosine of two cycles. The respiratory rate (RR)
estimation method based on peak detection is ineffective in
case 2.2. The phase change in case 2.3 is opposite to case2.1,

and the phase change in case 2.4 is opposite to case2.2.
In summary, it is difficult to effectively distinguish between
exhalation and inhalation from the shape of the waveform
and accurately estimate rhythm when ρ<1. In the study, the
distance between Tx antenna and Rx antenna is 15cm, the ISO
measured by vector network analyzer is 38 dB. The RCS of an
adult chest wall is about 0.1 at 5.8 GHz [37]. After converting
the antenna gain and ISO into linear values and inserting them
into (5), ρ is equal to 1 when R = 0.85 m.

III. METHODOLOGY
A. FRAME SYNCHRONIZATION
In order to correctly receive the reflected signal of the tar-
get, the OFDM receiver need to performs synchronization.
In OFDM systems, the phase of the Rx signal is affected
by the carrier frequency offset (CFO), sampling frequency
offset (SFO), and packet detection delay (PDD). The CFO
and SFO are caused by the asynchronous hardware of the
transceiver equipment. We use one USRP to transmit and
receive signals to avoid the influence of the CFO and SFO.
The frame header is Minn timing synchronization sequence,
and its autocorrelation function has sharp peaks, which
improves the accuracy of frame synchronization [38]. The
detailed frame structure is shown in Fig.4.

FIGURE 4. Diagram of frame structure.

The A is the basic block of the training sequence and N is
the number of subcarriers. The samples of the synchroniza-
tion sequence are designed to be of the form [A,A,−A,−A].
The decision function is as follows:

p (d) =

1∑
k=0

N
4 −1∑
m=0

y∗
(
d + m+

Nk
2

)
y
(
d + m+

Nk
2
+
N
4

)
(6)

where P(d) represents the accumulation result, d represents
the starting position of the sampling point, and y represents
the received signal. The total energy of the training sequence
is expressed as:

E (d) =

1∑
k=0

N
4 −1∑
m=0

∣∣∣∣y(d + m+ N
4
+
Nk
2

)∣∣∣∣2 (7)

Themaximum likelihood estimate of the ideal sampling point
is expressed as:

d = argmax
d

|p (d)|

E (d)
(8)
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However, the CP with length N/4 will cause the Minn timing
method to fail. Therefore, we set the CP length to N/8 =8.

B. CHANNEL ESTIMATION
After synchronization, we remove the head and CP to get the
data part. The data part data is converted to parallel, and then
FFT of length N is performed. After the above processing,
we can get the frequency domain signals Y(t) = [Y (1, t),
Y (1, t),. . . , Y(N , t)]. The channel frequency response H (q, t)
can be obtained by dividing the received signal from the
transmitted signal.

H (q, t) =
Y (q, t)
X (q, t)

(9)

where X (q, t) is the data part transmitted by the transmitter.
Rewrite H (q, t) to matrix form to obtain the channel fre-
quency response matrix H:

H =


H (1, 1) H (1, 2) · · · H (1,T )
H (2, 1) H (2, 1) · · · H (2,T )

...
...

. . .
...

H (N , 1) H (N , 2) · · · H (N ,T )

 (10)

C. SVD FOR NON-STATIONARY CLUTTER SUPPRESSION
The received signal matrix H contains multiple subcarriers
and is inevitably affected by noise. We propose using SVD
to achieve dimensionality reduction and noise suppression of
the matrix H. The SVD can be presented as

H = U6V =
K∑
i=1

uiσ ivTi (11)

where U = [u1,u2, . . . ,uN ] and V = [v1, v2, . . . ,vT ] are
the matrices of empirical orthogonal functions and the matrix
of principal components, respectively, namely UTU = I,
VVT

= I. uk ∈ CN×1, vk ∈ CT×1. Notice that N ≤ T ,
6 D [30] is the diagonal matrix of eigenvalues, with 3 =

diag(σ1, σ2, . . . , σK ). σi is the singular values sorted in the
descending order. Rewrite (2) with vector notation:

H = Hs +Hd + n

=

L∑
l=1

σ lulvTl︸ ︷︷ ︸
①

+ σ susvTs︸ ︷︷ ︸
②

+

R∑
r=1

σ rurvTr︸ ︷︷ ︸
③

(12)

The structure of (12) is similar to that of SVD (11). The item
① is the signal with high correlation and energy, including
leakage signal and reflection signals from static objects which
affect the sensitivity of the receiver. The item ② is the vital
sign signal. The item ③ is the noise. By observing (11)
and (12), it can be found that the V contains the reflected
signal of the target of interest. According to the analysis in
Section II-B, when the target reflected signal is larger than
the static signal, i.e., σs > σl > σr , the first column v1
in V contains human respiration and heart rate signals. When
the static signal is larger than the target reflected signal,

i.e., σl > σs > σr , the L+1 column ofV contains the target’s
vital signs. Due to the limitation of OFDM bandwidth, it is
difficult for receivers to separate static and dynamic compo-
nents. In other words, the eigenvector corresponding to the
first non-zero singular value contains the human body reflec-
tion signal and the static signal. The remaining eigenvectors
are noise. Therefore, (12) should be rewritten as follows

H = u′sσ
′
sv
′T
s +

R∑
r=1

σ rurvTr (13)

After SVD on H, the first column v1 in V is extracted to
reconstruct vital sign signals. It can be found that SVD not
only reduces the dimension of carrier, but also suppresses
clutter interference.

D. DC OFFSET CALIBRATION AND PHASE
DEMODULATION
The vital signs signal appears as an arc on the I/Q complex
plane. Due to the presence of DC, the center of the arc will
deviate from the origin. In addition, DC offset will lead to
serious distortion of the phase information and an inaccurate
measurement result. Considering the DC offset dcI /dcQ, the
I/Q signals of v1 can be given by

I (i) = AI cos
(
4πRv (i)

λ
+ θ +1φ (i)

)
+ dcI (14)

Q (i) = AQ sin
(
4πRv (i)

λ
+ θ +1φ (i)

)
+ dcQ (15)

where 1φ(n) is residual noise, AI (t) and AQ(t) are the ampli-
tudes in channel I and channelQ. DC offset estimation can be
formulated into a circle fitting problem. The state-of-the-art
method for this problem is to relax the residual di

di = (I (i)− a)2 + (Q (i)− b)2 − r2 (16)

where r the radius of the fitted circle, a and b denote the
DC in the I and Q channels. The l2-norm takes into account
all the measured values and outliers, resulting in a large
error in the estimatedDC. To improvemeasurement accuracy,
the l1-norm minimization is used for calibrating DC offset

min ∥d∥l1 = min ∥Ax− y∥l1 (17)

where d = [d1, d2,. . . , dN ]T ,

A =


2I (1) 2Q (1) 1

. . .

. . .

. . .

2I (N ) 2Q (N ) 1

 , x =

 a
b

r2 − a2 − b2

 ,

y =


I (1)2 + Q(1)2

.

.

.

I (N )2 + Q(N )2

 (18)

It can transform (17) into a non-constrained and non-
differentiable optimization problem. We use CVX toolbox to
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solve the above problem. The I /Q signals after eliminating
DC is represented as

I ′(i) = I (i)− a (19)

Q′(i) = Q (i)− b (20)

After eliminating DC, we adopt the MDACM algorithm [37]
to the synthesized I/Q signals to solve the phase ambiguity
issue. The MDACM only uses the first-order differential
operation and avoid the sum of squares of I /Q signals, which
improve the linearity and stability. In the digital domain, the
MDACM algorithm can be expressed as

ϕ (i) =
λ

4π

i∑
m=2

I ′(m− 1)Q′(m)− I ′(m)Q′(m− 1) (21)

E. RESPIRATION AND HEARTBEAT EXTRACTION
ALGORITHM
The respiratory and heartbeat signals are quasi periodic sig-
nals with relatively stable periods, which can be regarded as
several baseband signals. The signals related to the human
subject are sparse in the frequency domain, so there are K
signals with frequency ωk to reconstruct the respiration and
heartbeat signals [40]. We use VMD [41] to decompose ϕ(i)
into discrete number of sub signals (IMF) with sparsity in
the frequency domain. For each mode µk , the corresponding
one-sided spectrum of the analytical signal is obtained by
Hilbert transform, and thenmultiplied by a complex exponen-
tial function with the respective estimated center frequency
as a parameter to adjust the mode spectrum to the base-
band. Finally, the bandwidth is estimated by H1 Gaussian
smoothing of the demodulation function. Therefore, it can be
described as

min
{µk },{ωk }

{
K∑
k=1

∥∥∥∥∂t ((δ(t)+
j

π t

)
∗ µk (t)

)
e−jωk

∥∥∥∥2
2

}
s.t.
∑
k

µk = ϕ (22)

where {µk} = µ1, µ2, . . . µK , {ωk} = ω1, ω2, . . . ωK are
all modes and their corresponding center frequencies, respec-
tively. In order to reconstruct {µk} and {ωk} under constraint
conditions, a quadratic penalty term α and Lagrange mul-
tiplier λ are introduced based on the (22). Therefore, the
augmented Lagrange function obtained is as follows

L ({µk} , {ωk} , λ)

= α
∑
k

∥∥∥∥∂t ((δ(t)+
j

π t

)
∗ µk (t)

)
e−jωk

∥∥∥∥2
2

+

∥∥∥∥∥f (t)−∑
k

µk (t)

∥∥∥∥∥
2

+

〈
λ (t) , f (t)−

∑
k

µk (t)

〉
(23)

where α increases the reconstruction fidelity in the form of
independent and identically distributed Gaussian noise, and
its weight is inversely proportional to the noise level. Given
K , α and λ, the optimization problem of the above formula

can be solved iteratively by using ADMM to update µ̂n+1
k , ω̂k

and λ̂n+1 iteratively. By using FFT to update µ̂n+1
k , the modal

function in the frequency domain can be expressed as follows

µn+1
k (ω) =

f (ω)−
∑
i̸=k

µi (ω)+
λ(ω)
2

1+ 2α (ω − ωk)
2 (24)

where n is the iteration index, f̂ (ω) and µ̂i (ω) are Fourier
transform of input signal f (x) and kth modes µk (t),
respectively.

The update expression of the center frequency is as
follows:

ωk =

∫
∞

0 ω |µk (ω)|2 dω∫
∞

0 |µk (ω)|2 dω
(25)

The Lagrange multiplier operator λ̂n is updated as:

λn+1← λn + τ

(
f

(
ω −

∑
k

µn+1
k (ω)

))
(26)

The iteration termination condition is:

∑
k

∥∥∥µn+1
k − µn

k

∥∥∥2
2∥∥µn

k

∥∥2
2

< ε (27)

However, the number of decomposition layers K and the
penalty value α have a great influence on the performance
of VMD. If K is too small, the problem of mode mixing will
be caused. On the contrary, it will lead to false modes and
increase the amount of calculation. The value of α affects the
optimal bandwidth range of the mode. When α is too small,
µ̂k has a larger search range around the center frequency ω̂k ,
thereby introducing unnecessary components. On the con-
trary, it leads to the loss of useful information.

Algorithm 1 Vital Signs Signal Extraction Algorithm
Input: ϕ
Output: µ, ω
1: Initialize:Set Kmin, Kmax , αmin, αstep, αmax
2: for α=αmin: αstep: αmaxdo
3: for K= Kmin: 1: Kmaxdo
4 n= 0;
5 repeat
6 n = n+ 1;
7 for k = 1: K do
8 updateµ̂k using equation(24);
9 updateω̂k using equation(25);
10 updateλn using equation(26);
11 end for
12 until convergence: equation(27) or n>nmax
13 Ifexist Lω̂k /T∈

[
fhmin , fhmin

]
then

14 return µ, ω
15 end if
16 end for
17 end for

In order to be able to separate the breathing signal and the
heartbeat signal from the signal ϕ(i) of duration T and length
L, K and α need to be adaptively changed. In the parameter
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optimization algorithm, the mainstream algorithms such as
particle swarm optimization algorithm, genetic algorithm and
other intelligent optimization algorithms find the optimal
parameter combination through the self-defined fitness func-
tion. If the number of particles or the size of the population is
large, modal decomposition is required every time the fitness
function is calculated, which will consume a lot of time. Con-
sidering that the vital sign signal components are limited, and
the bandwidth of respiration and heartbeat is known. There-
fore, the search range of K and α can be fixed to determine
appropriate parameters. In addition, we found that it is easier
to extract respiratory signals from ϕ(i) compared to extracting
heartbeat signals. Once the frequency component of the heart-
beat is decomposed, i.e., fh ∈[fhmin , fhmax ], we end the iteration
process. Respiration and heartbeat extraction algorithm is
shown in Algorithm 1. Considering that the received signal
contains breathing, harmonic of breathing, heartbeat, noise,
and the incoherent components of the received signal are lim-
ited. We set Kmin = 5, Kmax = 9, αmin = 1000, αsetp = 500,
αmax = 2500, fhmin = 0.9 Hz, fhmax = 1.6 Hz. Kmin and Kmax
are the minimum and maximum modes of decomposition,
respectively. αmin and αmax are the minimum penalty factor
and the maximum penalty factor, with a step size of αstep.
fhmin and fhmax are the minimum and maximum frequencies
of adult heartbeat, respectively. It should be noted that these
hyperparameters are empirical.

IV. EXPERIMENT AND RESULTS
This section introduces the evaluation details of our sys-
tem, including simulation, practical system implementation,
experiment setup and performance analysis.

A. SIMULATION AND RESULTS
Normally, the chest movement caused by heartbeat is
0.2∼0.5 mm with 50∼100 bpm. Whereas, the chest move-
ment caused by respiration is in range several millimeters
with 6∼30 bpm. In the simulation, we set themovement of the
human chest wall to be a periodic movement, which consists
of breathing with a frequency of fb = 0.2 Hz and heartbeat
with a frequency of fh = 1.5 Hz. The displacement of the
chest wall caused by respiration and heartbeat is Ab =2 mm
and Ah = 0.5 mm, respectively. The distance between the
target and the antenna is 0.8 meters. The gain of the antenna
is 14 dB. The carrier frequency of OFDM signal is 5.8 GHz
and the bandwidth is 20MHz. The Fig. 5 shows the results for
SNR=20 dB and SNR=2 dB. The signal after SVD filtering
and DC compensation is denoted as v1. For multi-carrier
modulated OFDM signals, the phases of the non-zero carriers
are very similar in morphology. We choose the phase of
the 7th sub-carrier as the raw signal for convenience. In the
case of SNR =20 dB, it can be clearly seen from the raw
signal and v1 that the respiration and heartbeat signals are
shown in Fig. 5(a). After processing by the modified VMD,
the respiration and heart rate signals are separated from the
original signal as shown in Fig. 5(b). The respiration and heart

rate estimated using the FFT are consistent with the simulated
settings as shown in Fig. 5(c).

FIGURE 5. Simulation results under different SNR.

In the case of SNR=2 dB, the heartbeat signal cannot be
observed from the raw signal. The components extracted by
SVD can retain the characteristics of heartbeat and respiration
at low SNR as shown in Fig. 5(d). Furthermore, the estimated
heart rate and respiration rate are consistent with the simula-
tion settings as shown in Fig. 5(e) and (f).

B. EXPERIMENT SETUP
In this study, a total of 6 volunteers participated in the exper-
iment. All volunteers are around 25 years old and have no
cardiopulmonary disease. During the experiment, volunteers
wear HKD 10C and HKH 11C to monitor heartbeat and
breathing signals as the ground truth, respectively. The exper-
imental setup is shown in Fig. 6. The Tx and Rx antenna
adopts a high gain directional antenna (14 dBi), and the
beam is directed towards the subject’s chest. We collected
plenty data at different distances (0.5 m, 0.75 m, 1 m).
Each volunteer collected data 7 times at each distance, and
each experiment lasted for 30s. The sampling frequencies of
HKD 10C and HKH 11C are 200 Hz and 50 Hz, respectively.
The subjects remained seated without any major physical
movements during data collection. All experiments were per-
formed in a typical office. The proposed system includes a
computer and a USRP. The USRP is used to send and receive
OFDM signals at 5.8 GHz. In order to ensure that no RF
samples are lost between the USB bus and the USRP B210,
we set the bandwidth to 100 KHz. The specific parameters
are shown in Table 1. This research has been approved by
the Medical Ethics Committee of Northwest Women and
Children’s Hospital, the approval date is May 6th, 2022, and
the IRB board protocol number is 2022-013.
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FIGURE 6. The experimental setup.

TABLE 1. Parameter setting.

C. EXTRACTING VITAL SIGNS
The raw signal, filtered signal, and all modes decomposed
by the modified VMD are shown in Fig. 7(a). The spectrum
of each signal is shown in Fig. 7(b). After SVD filtering and
DC compensation, the fluctuations caused by breathing and
heartbeat can be seen. Then, the filtered signal is decomposed
into 5 modes. IMF1 is the respiration signal, and IMF2 is the
heartbeat signal. The remaining modes are noise components
with different vibration characteristics.

We found that the envelope of the heartbeat is not stable.
We use Hilbert transform to extract the envelope of the heart-
beat signal. The heartbeat signal is divided by the envelope
to obtain a stable heartbeat waveform. Fig. 8 shows the
optimized heartbeat waveform and ECG signal. We can find
that the processed heartbeat waveform matches the ground
truth. Additionally, we have measured the processing times
of the proposed methods. The computations were carried
out on a computer with a CPU Intel i7-8700 @ 3.2GHz
and 16GB RAM. The data length processed was 30s. Specif-
ically, The SVD processing time was about 1.58s, the DC
offset calibration time was 0.4456s, and the VMD processing
time was 0.543s.

D. ACCURACY ANALYSIS
The Bland–Altman analysis provided a measure of statistical
agreement between the estimated and the reference outputs.
The bias (µ) denotes the mean difference between the value
estimated from our system and the value calculated using the
data obtained from the contact sensor. The σ is the standard
deviation of the difference. The 95% limits of agreement are
[µ - 1.96 × σ , µ + 1.96 × σ ].

The subject was seated at a distance of 0.5 m, 0.75 m,
1 m in front of our system and asked to remain as still as
possible during the experiment. The Blant-Altman graph of
the subjects’ HR and RR are shown in Fig. 9(a) and Fig. 9(b).
Themean difference between estimatedHR and referenceHR
is 0.0006 bmp, and the σ is 0.833 bpm. The mean difference
between estimated RR and reference RR is−0.001 bmp, and
the σ is 0.118 bpm. Based on Bland–Altman analysis, the
LOA of HR and RR are from −1.75 bpm to 1.75 bpm, and
from−0.23 bpm to 0.23 bpm, respectively. Apparently, most
of the values lie within the LOA range. The experimental
results show that our system has a high consistency with the
medical wearable sensor. The detection accuracy at different
distances is shown in Fig. 9(c). With the increase of distance,
the accuracy will decline slightly. However, the accuracy of
HR within 1 m is still higher than 99.2%. It is worth noting
that the detection accuracy of our system in both HR and RR
is above 99.4% at 0.5 m.

E. HRV MEASUREMENT AND ANALYSIS
The above results show that the proposed system can accu-
rately estimate the HR in a short distance, so we further
explore the application of the system in HRV. Based on the
separated heartbeat signals, the exact time of each heartbeat
is determined by detecting the peak value. In this study,
we extracted three commonly used time domain indica-
tors: mean of successive normal B-B intervals (MEAN),
the standard deviation of the B–B interval (SDBB) and the
root mean square of the successive difference (RMSSD) of
two intervals. IBI is the time interval between the nth and
(n − 1)th heartbeats. the MEAN, SDNN and RMSSD are
determined as

MEAN =
1

NIBI

NIBI∑
i=1

IBI (i) (28)

SDRR =

√√√√ 1
NIBI

NIBI∑
i=1

(IBI (i)−MEAN )2 (29)

RMSSD =

√√√√ 1
NIBI − 1

NIBI∑
i=2

(IBI (i)− IBI (i− 1))2 (30)

Table 2 shows the detection results of HRV for 6 subjects.
The distance between the subjects and the sensing system
is 0.5 m. We can find that our system can achieve 5.98 ms
average error of MEAN, 4.85 ms average error of SDRR,
15.93 ms average error of RMSSD.

F. COMPARE WITH EXISTING METHODS
We compare the proposed method with other decompo-
sition methods or multi-scale analysis methods such as
ensemble empirical mode decomposition (EEMD), discrete
wavelet transformation (DWT), Empirical Wavelet Trans-
form (EWT), empirical mode decomposition (EMD) to
demonstrate the superiority of the proposed method. For
DWT, the wavelet coefficients adopt the maximum overlap
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FIGURE 7. Vital sign signal extraction. (a)The original signal, the filtered signal and its decomposition result. (b) The spectrum corresponding to each
component.

FIGURE 8. ECG signal and extracted heartbeat signal.

FIGURE 9. (a) Bland–Altman graph for HR. (b) Bland–Altman graph for RR. (c) Accuracy at various distance.

DWT, considering the 7-level decomposition recommended
by [42] in order to avoid redundant computation. For EEMD,
white Gaussian noise is added to the input signal, and the
amplitude of the noise is 0.4 times the standard deviation

of the input signal. The cumulative distribution of errors
(CDF) for different methods is shown in the Fig. 10. In RR
estimation, the performance of EEMD, DWT, EWT, and the
proposed method is almost identical as shown in Fig. 10(a).
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TABLE 2. Hrv measurements for all subjects.

In HR estimation, the proposed method is superior to other
signal decomposition methods as shown in Fig. 10(b). Due
to modal aliasing, EMD has significant errors in estimating
RR and HR.

FIGURE 10. Comparison results of state-of-art methods (a) CDF of RR
error for all method; (b)CDF of HR error for all method.

V. CONCLUSION
In this paper, we propose a non-contact, high-precision car-
diopulmonary activity monitoring system based on OFDM
signals. To improve the SNR of measured vital signs, we pro-
pose using SVD to remove noise and simultaneously reduce
the dimensionality of CSI. To extract undistorted vital sign
signals, a circular fitting method is proposed to estimate
and compensate the static components. The respiratory and
heartbeat signals can be accurately separated from the phase
by using the modified VMD. A large number of experiments
were performed with 6 volunteers at different distances. The
experimental results demonstrate that the proposed method
has high consistency with the medical sensor. Moreover, the
proposed system can accurately measure HRV indication
within 0.5m.
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