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Abstract: As an important and basic platform for remote life sensing, unmanned aerial vehicles
(UAVs) may hide the vital signals of an injured human due to their own motion. In this work, a
novel method to remove the platform motion and accurately extract human respiration is proposed.
We utilized a hovering UAV as the platform of ultra-wideband (UWB) radar to capture human
respiration. To remove interference from the moving UAV platform, we used the delay calculated by
the correlation between each frame of UWB radar data in order to compensate for the range migration.
Then, the echo signals from the human target were extracted as the observed multiple range channel
signals. Owing to meeting the independent component analysis (ICA), we adopted ICA to estimate
the signal of respiration. The results of respiration detection experiments conducted in two different
outdoor scenarios show that our proposed method could accurately separate respiration of a ground
human target without any additional sensor and prior knowledge; this physiological information
will be essential for search and rescue (SAR) missions.

Keywords: vital signal; SAR; UAV; UWB radar; ICA

1. Introduction

In the case of search and rescue (SAR) missions for post-disaster survivors and outdoor
injured people, the survival rate drops rapidly with the consumption of search time [1,2].
Hence, quick and efficient life detection technology has always been a hot research topic
in emergency rescue medicine. In the extreme searching environment, there are potential
risks that mean that rescuers cannot stay for a long time in the disaster site, or that rescuers
cannot arrive at the scene immediately due to seriously damaged traffic [3,4], which will
delay the golden time of SAR.

Air-to-ground life detection technology is an effective resolvent for extreme environ-
mental human target search that enhances the capability of SAR efficiency. Due to the
characteristics of simple operation, flexible movement and no casualty risk [5–7], unmanned
aerial vehicles (UAVs) carrying several sensors, such as high-definition camera [8,9], ther-
mal imaging camera [10,11] and multi-spectral camera [12], quickly arrive at the disaster
site to search and locate the injured people. However, these sensors are based on the
features of optics and morphology that make it hard to acquire physiological information.
This renders them unable to infer the life state of victims and can not provide a reliable basis
for the formulation of a rescue plan and resource allocation. Therefore, remote acquisition
of the injured people’s vital signals is of great significance for SAR missions.
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To this end, a mission-chain-driven UAV swarm was first proposed by our previous
study [13]. First, the UAVs equipped with high-definition cameras searched for human
targets and obtained the location. Then, the bio-radar carried by another UAV was released
at this location to detect the respiratory signal of the human target. The throwing method
may damage the bio-radar to reduce efficiency, causing the huge consumption of SAR
resources. Hence, in this paper, we use an airborne radar sensor to observe the vital signals,
which is the weak displacement of human chest caused by respiratory activity. This requires
a platform with good time stability. However, a new problem emerges. Owing to wind
and communication quality limitation in practical application, the UAV platform may be
unstable in hovering mode, which will change the location of the human target in the radar
echo data. On the other hand, the micro motion signal of the human will be submerged in
the platform motion. Therefore, in order to realize the effective detection of vital signals
using airborne radar, it is very important to eliminate the interference of platform motion.

To our best knowledge, several studies have made tremendous effort to conduct the
issue of UAV platform motion compensation. Islam et al. proposed a dual radar system:
the first radar points at the human target to sense respiratory motion, and the second
radar points at the stationary wall (ceiling) to measure the platform motion [14]. Then,
the signals collected using the two radars are used as the input signal and the reference
signal of the adaptive filter, respectively, to eliminate platform motion interference, and the
respiratory signal was successfully recovered. However, the experiment was carried out on
a mechanical vibration simulator built indoors, which needs to be verified on real UAVs,
and the system requires that there must be a stationary wall (ceiling) in the environment,
so the application scenarios are very limited. Rong et al. proposed a background residual
method, in which the echo of static background (ground) is regarded as the platform
movement signal and the vital signal is obtained by the phase residual between the echo
signal of the human target and the echo signal of static ground. The effectiveness of the
method was verified on a real UAV platform. Nevertheless, in data processing, it is difficult
to automatically select the range bin where the static background is located, and when
there is other interference in the ground range, the interference will be introduced into the
detection results [15]. Rohman et al. also used a UAV as the moving platform for radar,
but their study did not focus on platform motion interference cancellation [16]. In general,
study on vital signal detection using airborne radar is less frequent, and it is in the stage
of laboratory research. There is an enormous challenge that remains associated with the
interference of the unstable UAV platform.

In this paper, we built a UAV-mounted ultra-wideband (UWB) radar system, which
hovers at low altitude to collect data from ground injured human. Then, the problem
of respiration detection can be described as the problem of separating the source signals
(respiration and platform motion) from the mixed observation signals of multiple range
channels. To solve this problem, we proposed a signal processing method based on
independent component analysis (ICA) to separate the respiratory signal. It can correctly
separate the respiration of a ground human target from the noisy signals, without any
supervision and prior information of platform motion. Meanwhile, it has strong noise
tolerance and environmental adaptability.

The rest of this paper is organized as follows: Section 2 describes the UAV-mounted
UWB radar system; Section 3 derives the respiratory signal model with platform motion
interference; Section 4 introduces the proposed signal processing method; Section Section 5
presents and discusses the results of the experiments; Section 6 draws conclusions.

2. UAV-mounted UWB Radar System

In order to obtain the vital signal of a ground injured human target, this study builds
a data collection system based on a UAV carrying a UWB radar sensor. It is shown in
Figure 1. It mainly includes four modules: (1) a quad-copter UAV as the carrying and
moving platform; (2) a Xethru X4m200 UWB radar sensor (Novelda, Norway) for acquiring
the vital signal of an injured human target, and the key parameters of radar are presented



Drones 2022, 6, 235 3 of 17

in Table 1; (3) a communication model for GPS location and radar data transmission, which
is composed of a Stm32 micro-controller and LoRa chip; (4) the power module for power
support to the radar and communication module.
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Figure 1. UAV-mounted UWB radar system for vital signal detection of ground injured human subject.

Table 1. X4m200 UWB radar parameters.

Parameters Values

Centre frequency 7.29 GHz
Bandwidth 1.4 GHz

Detection range 0.4–5 m
Range resolution 0.0514 m

Frame rate 17 Hz

The workflow in one mission execution of this system is shown in Figure 2. After
receiving the GPS location of the suspected target from a search UAV based on high-
definition camera [13], this system equipped with UWB radar flies to the position and
hovers at a low altitude to collect vital signals and transmit these data to the ground station.
Then, the ground station processes the data using the proposed respiratory signal extraction
method in order to re-identify and distinguish the life state of the suspected target.
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3. Signal Model

UWB radar detects the range of a human subject via transmitting pulses and observ-
ing the time delay of the echo signal. The time delay depends on the variable distance
from radar to subject. The changing distance caused by respiration and heartbeat can be
expressed by [17]

d(t) = d0 + Arsin(2π frt) + Ahsin(2π fht) (1)

where d0 is the distance from the antenna to the chest, Ar and fr are the amplitude and
frequency of respiration and Ah and fh are the amplitude and frequency of heartbeat.

For vital signal detection in UAV-mounted UWB radar, heartbeat is much smaller
than respiration and interference. We only take the respiratory signal as the basis for
distinguishing the life state of the wounded subject. Additionally, the UAV platform
random motion leads to an additional interference component. Then, the changing distance
can be expressed by

d(t) = d0 + X(t) + dUAV(t) = d0 + Arsin(2π frt) + dUAV(t) (2)

where X(t) is the respiratory signal and dUAV(t) is the platform movement.
With a single human subject and stationary background environment, the radar system

response is [18]
h(τ, t) = arδ(τ − τr(t)) + ∑

i
aiδ(τ − τi) (3)

where arδ(τ − τr(t)) is the response of the human target and ∑
i

aiδ(τ − τi) is the response

of other static clutter.
In the scenario of outdoor injured people respiration detection using UAV-mounted

radar, the static object refers to the ground. Due to platform movement, the static object no
longer behaves as static, thus the response of radar can be further expressed as

h(τ, t) = arδ(τ − τr(t)) + agδ
(
τ − τg(t)

)
(4)

Time delay τr(t) is given by

τr(t) =
2d(t)

c
(5)

and time delay τg(t) is given by

τg(t) =
2d1(t)

c
(6)

where c = 3× 108 m/s is the speed of light, d1(t) = d0 + dUAV(t) is the changing distance
from the antenna to the ground. arδ(τ − τr(t)) is the response of the human target and
agδ
(

τ − τg(t)

)
is the response of the static ground that appears as the dynamic clutter

changing with time in the radar echo signal and reflecting the platform motion signal.
The received signal can be denoted by [19]

R(τ, t) = s(τ) ∗ h(τ, t) = ars(τ − τr(t)) + ags
(
τ − τg(t)

)
(7)

where s(τ) is the transmitted pulse. The two-dimension raw echo data in the form of
discrete are denoted by

R[m, n] = ars(mδT − τr(nTs)) + ags
(
mδT − τg(nTs)

)
= r[m, n] + g[m, n] (8)

where m = {1, 2, · · · , M} is the number of fast time samples representing the range points,
and n = {1, 2, · · · , N} is the number of slow time samples representing the time points.
r[m, n] represents the interferenced respiratory signal and g[m, n] represents the echo signal
of the ground.
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In real scenario detection, the received raw data can be expressed as

R[m, n] = r[m, n] + g[m, n] + z[m, n] (9)

where z[m, n] is unavoidable noise interference.
Adopting a complex exponent to represent the transmitted signal, the echo signal that

carries the respiration component in Equation (7) can then be expressed as [20]

r(t) = Arej(2π fct+θ(t)+ϕ0) (10)

where fc is the central operating frequency, ϕ0 is the initial phase and θ(t) is the phase shift
caused by human respiration and platform motion. The Doppler shift is defined as

fd(t) =
2V(t)

λ
=

2d(t)
λdt

=
1

2π

d(θ(t))
dt

(11)

where λ is the wavelength of radar transmitted signal; then the respiratory signal of a
human subject with platform motion can be approximately expressed by

θ(t) =
4π

λ
(X(t) + dUAV(t)) =

4π

λ
X(t) +

4π

λ
dUAV(t) (12)

Equation (12) indicates that platform movement will hide the human respiratory signal
of interest, destroy the periodicity of respiration and decrease the detectability of human
target. This is the reason why traditional detection methods fail. Equations (7), (8) and (12)
show that echo signals of multiple range channels from human target to ground are a
linear mixture of the respiratory signal and the platform movement signal. Our task in this
study is to accurately extract the respiration from mixed observed signals, i.e., the first term
in Equation (12).

4. Signal Processing

Major steps of the proposed signal processing approach are shown in Figure 3, which il-
lustrates the process of human respiration extraction in the outdoor injured people scenario
using UWB radar. The signal processing approach is divided into five blocks, includ-
ing range migration compensation, observed signals extraction, pre-processing, ICA and
respiratory signal extraction.
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4.1. Range Migration Compensation

Due to GPS communication quality or other external environment interference, the
UAV platform will inevitably generate relative motion even in hovering mode. In this
study, the platform movement that is less than the range resolution of radar is defined as
tiny platform motion, and the platform movement that is greater than the range resolution
of radar is defined as great platform motion. The great platform motion will cause the
problem of range migration (illuminated in Figure 4a), which refers to the fact that at two
different time points, the target is located in different range bins of radar echo data. In
order to accurately select the range bin where the human target is located, it is necessary to
correct the range migration caused by great platform motion.



Drones 2022, 6, 235 6 of 17

Drones 2022, 8, x FOR PEER REVIEW 6 of 17 
 

 
Figure 3. The block diagram of the radar signal processing. 

4.1. Range Migration Compensation 
Due to GPS communication quality or other external environment interference, the 

UAV platform will inevitably generate relative motion even in hovering mode. In this 
study, the platform movement that is less than the range resolution of radar is defined as 
tiny platform motion, and the platform movement that is greater than the range resolution 
of radar is defined as great platform motion. The great platform motion will cause the 
problem of range migration (illuminated in Figure 4(a)), which refers to the fact that at 
two different time points, the target is located in different range bins of radar echo data. 
In order to accurately select the range bin where the human target is located, it is necessary 
to correct the range migration caused by great platform motion. 

For removing range migration, the cross correlation between the first frame and each 
subsequent frame of raw two-dimensional matrix is calculated [21]. The difference be-
tween two frames means that the human subject is located in different range bins at these 
two time points, and the position of the maximum cross correlation value indicates then 
lead or retardation range unit. Then, each frame is circularly shifted on the basis of maxi-
mum cross correlation value to compensate for range migration [22]. As shown in Figure 
4(b), after range alignment, the target is located in the same range bin at any time point.  

       
               (a)                                (b) 

Figure 4. The problem of range migration. (a) Radar echo data with range migration. (b) Data after 
range migration compensation. 

4.2. Observed Signals Extraction 
According to Equation (8), radar sensing data can be expressed as a two-dimensional 

matrix 𝑅;  the aim of this step is to select the multichannel range bins [𝑦 (𝑡), 𝑦 (𝑡), ⋯ , 𝑦 (𝑡)]  in which the human target and the ground are located, where 𝑎 
is the number of  extracted signals. Assuming that there is only one subject in the detec-
tion zone and the subject keeps static, the range bin with the maximum energy will be the 
location of the people. The multiple range bin selection is completed using a range sam-
pler, which chooses the maximum energy range bin along the slow-time as the centre [23]. 
In this study, the range length of interest for the range sampler was set as 25 cm to keep 
the selected signals covering the range bins from the entire thorax of the human target to 
the ground. The observed signals selected using the range sampler are input for ICA. 
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For removing range migration, the cross correlation between the first frame and each
subsequent frame of raw two-dimensional matrix is calculated [21]. The difference between
two frames means that the human subject is located in different range bins at these two
time points, and the position of the maximum cross correlation value indicates then lead
or retardation range unit. Then, each frame is circularly shifted on the basis of maximum
cross correlation value to compensate for range migration [22]. As shown in Figure 4b,
after range alignment, the target is located in the same range bin at any time point.

4.2. Observed Signals Extraction

According to Equation (8), radar sensing data can be expressed as a two-dimensional
matrix R; the aim of this step is to select the multichannel range bins [y1(t), y2(t), · · · , ya(t)]

T

in which the human target and the ground are located, where a is the number of extracted
signals. Assuming that there is only one subject in the detection zone and the subject keeps
static, the range bin with the maximum energy will be the location of the people. The mul-
tiple range bin selection is completed using a range sampler, which chooses the maximum
energy range bin along the slow-time as the centre [23]. In this study, the range length of
interest for the range sampler was set as 25 cm to keep the selected signals covering the
range bins from the entire thorax of the human target to the ground. The observed signals
selected using the range sampler are input for ICA.

4.3. Pre-Processing

The extracted observed signals contain noise interference; in order to separate the clear
and true respiration, it is necessary to apply pre-processing procedures. The pre-processing
step includes direct current (DC) removal, low pass (LP) filtering and baseline removal [24].

The first step is to remove the DC component, and it can be implemented by

RDC(m, a) = Raw(m, a)− 1
a

a

∑
n=1

Raw(m, a) (13)

where RDC(m, a) is the matrix after DC removal, m is the number of fast time samples and
a is the number of the observed signals.

Then the Butter-worth LP filter with a cut-off frequency of 3 Hz is applied to remove
the noise caused by the UAV blades’ echo at about 3.5 Hz and other high-frequency noise
interference. The LP filter is determined as

RLP(m, a) = RDC(m, a) ∗ h(t) (14)

where RLP(m, a) is the matrix after the 3Hz LP filter.
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The last step is to denoise the baseline by applying the BEADS algorithm, which is
illustrated in [25]. The input signals of ICA are the observed signals after pre-processing.

4.4. Independent Component Analysis
4.4.1. ICA Compliance

ICA is a powerful method to blindly separate potential components and source signals
from the mixed observation signals, and it has been successfully and widely used in many
fields, such as separating brain activity from artefact, finding hidden factors in stock data
and denoising for natural images [26]. In the problem of vital signal detection using a
UAV-mounted radar, the source signals are respiration and the platform motion.

To apply ICA, the following three assumptions are given: the components are inde-
pendent of each other; the independent components must be in non-Gaussian distribution;
and the number of mixed observed signals is greater than or equal to the number of inde-
pendent components [27]. In this section, the proof that the problem of respiratory signal
extraction in this study satisfies the three assumptions to apply ICA is given.

The corresponding continuous-time signal of the interferenced respiratory signal
component in Equation (9) is

r(t) =
4π

λ
X(t) +

4π

λ
dUAV(t) (15)

The corresponding continuous-time signal of the ground echo signal component in
Equation (9) is

g(t) =
4π

λ
dUAV(t) (16)

From Equations (15) and (16), it can be concluded that the observed signals are a linear
combination of the respiration X(t) and UAV platform motion dUAV(t). The information
on the value of X(t) does not give any information on the value of dUAV(t), and vice
versa, the two variables are said to be independent [28]. Moreover, the respiratory signal
is non-Gaussian, since in the signal model, the distribution of respiration depends on a
sinusoidal signal. The motion of the UAV platform depends on many random factors,
such as the quality of satellite communications and the wind external environment, so it
is usually a non-Gaussian signal. In fact, if only one of the independent components is
Gaussian, ICA is also achievable [28]. Finally, according to the range sampler described in
Section 4.2, the number of the observed signals is greater than or equal to the number of
independent components. Therefore, the problem in this study satisfies the three conditions
to apply ICA.

4.4.2. Process of ICA

The aim of this step is to reduce the dimension of data and separate respiratory signal
using blind source separation. In ICA model, the observed signals are described as the
linear combination of source signals, including respiratory signal and platform motion
signal. Therefore, the observation of each extracted range bin can be written as [29]:

y1(t) = a11s1(t) + a12s2(t) + · · ·+ a1nsn(t)
y2(t) = a21s1(t) + a22s2(t) + · · ·+ a2nsn(t)

...
ya(t) = an1s1(t) + an2s2(t) + · · ·+ annsn(t)

(17)

where y1(t), y2(t), · · · , ya(t) are the mixed observed signals, s1(t), s2(t), · · · , sn(t) are the
unknown source signals (i.e., independent components) and aij is the weight of each source
signal. Matrix representation of equation (17) is given as [30]:

Y = AS + E (18)
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where A ∈ Ra×n is the mixing matrix, Y ∈ Ra×m is the matrix of the observed signals,
S ∈ Rn×m is the independent component matrix and E is the residual matrix, and these
matrixes can be expressed as:

A =


a11 a12 · · · a12
a21 a12 · · · a12
· · · · · · · · · · · ·

a11 a12 · · · a12

, Y =


y1(t)
y2(t)
· · ·

ya(t)

, S =


s1(t)
s2(t)
· · ·

sn(t)

 (19)

Since the matrixes A and S are unknown, and the matrix Y can be observed, we need
to use Y to estimate A and S. The fundamental of ICA is to estimate mixing matrix A so
that the reconstructed components are as independent as possible. The inverse matrix of A
is denoted by W, then, the independent components can be calculated as

S = WY (20)

Here are several existing ICA algorithms to estimate the de-mixing matrix W. In
this paper, we use FastICA to apply blind signal separation on account of its very fast
convergence and ease of operation. FastICA is based on a fixed-point algorithm and the first
step of pre-processing is to centre the input data, which could simplify the ICA algorithm.
This process is achieved by subtracting its mean vector [28].

^
Y = Y− E(Y) (21)

The second step of pre-processing is to whiten the input data matrix
^
Y and obtain a

new white matrix
~
Y, which aims at eliminating the correlation among the observed signals.

Therefore,
~
Y satisfies E

(
~
Y

~
Y

T)
= I. Here, the eigen-value decomposition (EVD) is used to

whiten data. After EVD, the covariance matrix of
~
Y is expressed by

E
(

~
Y

~
Y

T)
= UΛUT (22)

where U and Λ are the eigenvector matrix and diagonal matrix composed of eigenvalues.
The detailed process is summarized in Algorithm 1, where the function g(·) used in the
algorithm is [31]

g(u) = u exp
(
−u2/2

)
(23)

Algorithm 1 FastICA

1: Input the observed signals.

2: Centre the data to give
^
Y.

3: Whiten the data to give
~
Y.

4: Choose the number of independent components m.
5: For p = 1 to m
6: Initialize the weight vector wp.

7: wp ← E
{

~
Yg
(

wp
T

~
Y
)}
− E

{
g′
(

wp
T

~
Y
)}

8: wp ← wp −∑m−1
i=1 (wp

Twi)wi
9: wp ← wp/wp
10: If wp is not converged, go back to step 7.
11: End for
12: W = [w1, w2, · · · , wm]
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4.5. Respiratory Signal Extraction

Auto-correlation presents the correlation strength of a signal at different time lag. It is
defined as

R(τ) =
∫ ∞

−∞
r(t)r(t + τ)dt (24)

where r(t) denotes respiratory signal and τ denotes time delay. For periodic signals, the
auto-correlation coefficient also changes periodically [32]. The respiratory signal of humans
is a regular periodic signal with good time correlation, and other independent components
(ICs) describe the movement of radar and interference; they are random signals. In this case,
the respiratory signal extraction method is based on the comparison of auto-correlation
between ICs; then the wanted IC that represents the vital signal of injured people can be
effectively extracted.

5. Experiments
5.1. Experimental Setup

The setup of the UAV-mounted UWB radar system is shown in Figure 1. The Z410
quad-rotor UAV carries the X4m200 UWB radar for human vital signal detection and life
state discrimination. In the 30-s detection process, the subject lies supine in the detection
area and remains stationary all the time to simulate the injured human target, and the
detection system hovers directly above the subject and remains at an altitude of 2 m.
Meanwhile, an ErgoLAB wireless respiration belt is connected to the subject to collect the
reference respiratory signal.

In this study, two typical scenarios (shown in Figure 5) were considered separately
to evaluate the reliability and the noise tolerance of the proposed method for respiration
detection. The first experiment was conducted in an outdoor scenario of relatively smooth
ground as shown in Figure 5a with one female (subject 1: 168 cm, 55 kg) and two male
(subject 2: 180 cm, 60 kg and subject 3: 175 cm, 70 kg) subjects. In scenario 1, the inter-
ference was mainly from UAV platform motion. The second experiment was conducted
in an outdoor scenario of grassland as shown in Figure 5b with the same three subjects.
Compared with scenario 1, scenario 2 adds the interference of grass movement, which is
more complex and closer to the real SAR environment.
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5.2. Results and Discussion

In this section, the results of major steps of signal processing including observed signals
extraction and respiration detection in scenario 1 and scenario 2 are presented, and the
performance of the proposed method is compared with the background residual (BGR)
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method, which is the existing effective method [15]. Here, two indicators are defined to
evaluate the accuracy of respiratory rate (RR) estimation and noise tolerance of these methods,
including accuracy and signal-to-noise ratio (SNR). The accuracy of RR is defined as

accuracy =
|estimated f requency− re f erence f requency|

re f erence f requency
× 100% (25)

Considering that we only focus on the RR and it is usually about 0 Hz–2 Hz, SNR
between 0 Hz–2 Hz is defined as

SNR =
PR
Pn

=
|S(kr)|2

1
Nk−1

(
∑kr−1

k=0 |S(k)|
2 + ∑Nk

k=kr+1|S(k)|
2
) (26)

where PR and Pn are the respiration power and noise power, Nk is the number of sampling
points between 0 Hz–2 Hz, S(k) is the frequency component signal and kr is the sample
point index of respiratory signal.

5.2.1. Observed Signals Extraction

Raw radar data are first aligned along the range points, and then we proceed to the
observed signals extraction step. In order to more intuitively display the effect of range
migration compensation, here we selected the radar data with a detection time of 5 min,
and the result is shown in Figure 6. Figure 6a is raw radar data, and the data collection
system is about 2 m from the subject, from which we can see that during the detection
process, there is a problem that the target is located in different range bins. Figure 6b is the
radar data processed by the range migration compensation, in which case the target is in
the same range bin. The result shows that on the basis of retaining the complete signal of
interest, this method can effectively eliminate the movement of the UAV platform across
the range bin and ensure the accuracy of subsequent observed signal extraction.
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The observed signals extracted from the radar data after range alignment by the range
sampler are shown in Figure 7, and they are mixed signals of chest movement and radar
movement from multiple range channels. After pre-processing, the observed signals are
taken as the input of ICA to blindly estimate respiration of the human target.
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5.2.2. Respiration Detection in Scenario 1

The first experiment was conducted with three subjects; here the results of subject 1
are visualized in Figures 8 and 9, and the results of three subjects are listed in Table 2.
In the experiment, the signal measured by respiratory belt was considered the ground
truth signal. Figures 8b and 9b show the time domain and frequency domain of reference
respiration, from which we ascertain that the reference RR is around 0.3418 Hz. According
to the maximum energy method, the raw slow-time echo signal of human target can be
obtained, as shown in Figure 8a, and the corresponding frequency spectrum is shown in
Figure 9a. It shows that we are unable to observe the clear respiratory component because
it was submerged by the interference from UAV motion. Thus, we must compensate the
platform motion to achieve accurate results.

Table 2. Results of respiratory rate in scenario 1. The data length was 30 s for each experiment.

Scenario 1
RR (Hz) Accuracy (%) SNR (dB)

Reference Our Method BGR Our Method BGR Our Method BGR

Subject 1 0.3418 0.3652 0.3652 93.15 93.15 15.82 10.56
Subject 2 0.2032 0.2153 0.2210 94.05 91.24 16.18 11.49
Subject 3 0.2889 0.2833 0.2833 98.05 98.05 15.27 11.35

After applying each process of the method described in Section 4, the clear respiratory
signal can be automatically extracted from the mixed signal as shown in Figure 8c. In
its frequency spectrum as shown in Figure 9c, the maximum peak appears at 0.3652 Hz,
which is the detected RR of the subject. The results of the background residual method
are indicated in Figures 8d and 9d, and the detected RR is also 0.3652 Hz. Table 2 displays
the metrics comparison between the reference method and the proposed method in this
work. It shows that in the detection area with relatively smooth ground, both of the
two methods can separate respiratory signal from platform motion interference, but this
proposed method has a better effect in the aspects of reserving the details and SNR.
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Figure 8. Results of subject 1 in scenario 1. (a) Raw radar echo signal of subject 1 obtained by
maximum energy method. (b) Reference respiration from respiratory belt. (c) Respiration extracted
using our proposed method. (d) Respiration extracted using background residual method.
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Figure 9. Frequency spectrum of the signals in Figure 8. (a) FFT of raw radar signal. (b) FFT of
respiration from respiratory belt. (c) FFT of respiration extracted by our proposed method. (d) FFT of
respiration extracted using background residual method.

5.2.3. Respiration Detection in Scenario 2

The results of the second experiment conducted in scenario 2 are shown in
Figures 10 and 11 and Table 3. The reference RR and RR extracted using our method
are equal to 0.4329 Hz and 0.4482 Hz, respectively. Figures 10d and 11d suggest that the
background residual method loses efficacy in the scenario with external environmental
interference, which is based on the theory that the platform motion can be separated by
the signal return from static ground in the range profile. When there is grass movement
caused by UAV rotor rotation, the echo signal of ground no longer represents the platform
motion; instead, the grass motion will be introduced into the detection results. This is the
reason why the background residual method fails in scenario 2. Our method estimates the
respiratory signal based on the non-Gaussian qualities and independence of the source
signals, and the results does not depend on the quality of the obtained platform motion
signal, so it is also effective in the scenario with external environmental interference.

Table 3. Results of respiratory rate in scenario 2. The data length was 30 s for each experiment.

Scenario 2
RR (Hz) Accuracy (%) SNR (dB)

Reference Our Method BGR Our Method BGR Our Method BGR

Subject 1 0.4329 0.4482 0.1268 96.47 29.29 6.69 5.48
Subject 2 0.2930 0.2988 0.3682 98.02 74.33 7.38 5.95
Subject 3 0.2500 0.2656 0.4016 93.76 39.36. 6.74 4.92

According to visual inspection and quantitative evaluation, this proposed method
has a better effect in the aspects of reserving the details and SNR, making it more suitable
for practical application. In terms of operability, our method does not need to manually
extract the range bin where the ground echo signal is located, and it can better meet the
requirements of real-time respiration detection of post-disaster ground injured people.
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Figure 10. Results of subject 1 in scenario 2. (a) Raw radar echo signal of subject 1 obtained using
maximum energy method. (b) Reference respiration from respiratory belt. (c) Respiration extracted
using our proposed method. (d) Respiration extracted using background residual method.
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mental adaptability compared to the existing background residual method. Meanwhile, 
this method can be extended to other unstable radar carrying platforms for vital signal 
detection, which is very important for formulation of a rescue plan in a SAR mission. 

However, in this experiment, compared with the actual detection environment, the 
experiment scenario is not complex enough. In the follow-up study, we will consider more 
chaotic and complex conditions such as detecting vital signals of a buried survivor. In 
addition, in this paper, we only take the respiratory signal as the vital signal of a human 
subject; our future study will focus on heartbeat signal extraction using this technology. 

Author Contributions: Conceptualization, J.W. and G.L.; methodology, Y.J. and Z.L.; software, Y.C. 
and T.L.; investigation, F.Q. and J.X.; data curation, F.Y. and M.Z.; writing—original draft prepara-
tion, Y.J.; writing—review and editing, F.Q.; visualization, Y.C.; funding acquisition, G.L. All au-
thors have read and agreed to the published version of the manuscript. 

Funding: This research was funded by the Key Research and Development Program of Shaanxi
(2021ZDLGY09-07 and 2022SF-482). The APC was funded by 2021ZDLGY09-07. 

Institutional Review Board Statement: Not applicable.

Informed Consent Statement: Not applicable. 

A
m

pl
itu

de

0 0.5 1 1.5 2
Frequency (Hz)

0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.415 Hz

Figure 11. Frequency spectrum of the signals in Figure 10. (a) FFT of raw radar signal. (b) FFT of
respiration from respiratory belt. (c) FFT of respiration extracted using our proposed method. (d)
FFT of respiration extracted using background residual method.

6. Conclusions

For addressing the issue of re-identifying the suspected targets and distinguishing the
life state of injured people, a vital signal detection technology based on UAV-mounted UWB
radar was developed. According to the mixing characteristic of source signals, the problem
of respiration detection is described as the problem of separating the source signals (respira-
tion and the platform motion) from the observed signals. Then, a signal processing method
based on ICA was proposed to extract respiration from the collected data. Real-world
field experiments with two different scenarios confirm that our proposed method could
effectively estimate accurate respiration without any monitoring and prior information of
UAV platform motion, granting it stronger noise tolerance and environmental adaptability
compared to the existing background residual method. Meanwhile, this method can be
extended to other unstable radar carrying platforms for vital signal detection, which is very
important for formulation of a rescue plan in a SAR mission.

However, in this experiment, compared with the actual detection environment, the
experiment scenario is not complex enough. In the follow-up study, we will consider more
chaotic and complex conditions such as detecting vital signals of a buried survivor. In
addition, in this paper, we only take the respiratory signal as the vital signal of a human
subject; our future study will focus on heartbeat signal extraction using this technology.
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