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Abstract: Life sign detection is important in many applications, such as locating disaster victims.
This can be difficult in low signal to noise ratio (SNR) and through-wall conditions. This paper
considers life sign detection using an impulse ultra-wideband (UWB) bio-radar with an improved
sensing algorithm for clutter elimination, harmonic suppression and random-noise de-noising.
To improve detection performance, two filters are used to improve SNR of these life signs.
The automatic gain method is performed in fast time to improve the respiration signals. The spectral
kurtosis analysis (SKA)-based windowed Fourier transform (WFT) method and an accumulator in
the frequency domain are used to provide two distance estimates between the radar and human
subject. Further, the accumulator can also provide the frequency estimate of the respiration signals.
These estimates are used to determine if a human is present in the detection environment. Results are
presented which show that the range and respiration frequency can be estimated accurately in low
signal to noise and clutter ratio (SNCR) environments. In addition, the performance is better than
with other techniques given in the literature.

Keywords: respiration; victim detection; ultra-wideband (UWB) bio-radar; windowed Fourier
transform (WFT); kurtosis; frequency accumulator

1. Introduction

Natural disasters occur throughout the world and result in significant damage and loss of
life. The detection of humans trapped in buildings and rubble in these situations is a significant
challenge. As a result, non-contact detection of vital signs (VS) has received considerable attention
in the literature [1–5]. Electromagnetic detection techniques are the most commonly employed.
Ultra-wideband (UWB) radar has been used to track moving targets and for through-wall imaging
because of the good permeability and excellent resolution [6–13]. As a result, it has been proposed for
vital sign detection [14–22] as shown in Figure 1. In [14], respiration-like clutter was suppressed using
an adaptive cancellation method. A short-time Fourier Transform (STFT) was used for VS detection
in [15]. However, these methods cannot accurately estimate the frequencies of VS signals due to
the presence of harmonics. Further, STFT performance is sensitive to the window length. Ensemble
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empirical mode decomposition (EEMD) and a frequency window were used to remove clutter and
harmonics in [17], but this increases the receiver complexity. An adaptive Kalman filter was developed
to extract respiration signals from UWB radar data in [19]. An extended complex signal demodulation
(CSD) technique was considered in [20] to eliminate the wrapped problem with the DACM algorithm.
To avoid the codomain restriction in arctangent demodulation (AD), an extended differentiate and
cross-multiply (DACM) method was proposed in [21].

Figure 1. The model for vital sign detection using an UWB radar.

Existing vital sign detection techniques are not suitable for trapped victims because they
consider only some of the issues, such as removing clutter, determining respiration characteristics,
and heart rate estimation [23–41]. An algorithm for vital sign detection based on radar data was
developed in [16]. However, this approach is complex and frequently produces false-positive results.
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The fast Fourier transform (FFT) and Hilbert-Huang transform (HHT) have been used to analyse
respiration signals [23,24]. Adaptive clutter cancellation has been proposed to remove respiration-like
clutter [26]. The respiration period was estimated in [28] for an additive white Gaussian noise (AWGN)
environment [28]. Respiration detection in low signal to noise and clutter ratio (SNCR) conditions was
considered in [29] using singular value decomposition (SVD). The method proposed in [34] to detect
signs of life is only effective over short distances and in high signal to noise ratio (SNR) environments.
The effects of static clutter have been mitigated using linear trend subtraction (LTS) [35]. A higher
order cumulant (HOC) method was used in [37] to extract vital sign information by exploiting the fact
that the HOC of Gaussian noise is zero. Further, it was shown that this approach can be used for vital
sign detection in other types of noise. Ensemble empirical mode decomposition was used in [38] for
heart rate detection.

Accurate acquisition of vital sign information such as the respiration frequency is difficult in many
environments and existing approaches are complex. Further, they are effective only over short distances
and require a high SNCR. Thus, in this paper, a new method is proposed to accurately detect vital
signs in low SNCR environments such as long range and through-wall conditions. An automatic gain
method is developed to improve the SNR. The kurtosis of the received signal is used in conjunction with
a windowed Fourier transform (WFT) to enhance the performance. Further, a frequency accumulator
is employed to obtain both the range and respiration frequency. The performance of the proposed
system is verified experimentally with real test subjects using the UWB radar system designed by the
Chinese Academy of Sciences.

The remainder of this paper is organized as follows. The UWB radar system model is presented in
Section 2, and the proposed detection method is given in Section 3. The proposed system is evaluated
in Section 4 and compared with several techniques presented in the literature. Finally, some concluding
remarks are given in Section 5.

2. System Model

A UWB impulse radar detects changes in the propagation delay of signals reflected by targets
such as respiration and heart rate signals. The range between the human chest and radar is [33,37]

d(t) = d0 + r(t) = d0 + Ar sin(2π frt) + Ah sin(2π fht), (1)

where d0 is an constant distance, Ar and Ah are the respiration and heart rate amplitudes, respectively,
and fr and fh are the corresponding frequencies.

Assuming only one subject exists in the detection environment and all other objects are stationary,
the radar impulse response is given by

h(τ, t) = avδ(τ − τv(t)) + ∑
i

aiδ(τ − τi), (2)

where τ is the propagation delay, aiδ(τ − τi) is the signal from the ith static target with amplitude ai
and time-delay τi, and avδ(τ − τv(t)) is the human motion signal with amplitude av and propagation
delay τv(t). Due to harmonic vibration, τv(t) can be expressed as [33]

τv(t) =
2d(t)

v
= τ0 + τr sin(2π frt) + τh sin(2π fht), (3)

where v = 3 × 108 m/s is the speed of light, τ0 = 2d0/v, τr = 2Ar/v, and τh = 2Ah/v.
The received signal is

R(τ, t) = s(t) ∗ h(t, τ) = avs(t− τv(t)) + ∑
i

ais(t− τi), (4)
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where s(t) is the transmitted impulse signal. In discrete form, this can be expressed as [33]

R[m, n] = avs(mδT − τv(nTs)) + ∑
i

ais(mδT − τi)

= avs(mδR − vτv(nTs)) + ∑
i

ais(mδR − vτi/2)

= h[m, n] + c[m] ,

(5)

where Ts is the pulse repetition time, m = 0, . . . , M− 1 in fast time and n = 1, . . . , N − 1 in slow time.
The sampling interval in fast time is δT and δR = vδT/2. h[m, n] is the desired human motion signal
and c[m] corresponds to the static signals which are slow time-invariant.

Figure 2 shows the received signal due to human respiration where the dashed line denotes a
fast time bin. In a real environment, the received signal can contain static and non-static clutter, linear
trend, human motion, and AWGN. Therefore, the received signal can be expressed as

R[m, n] = h[m, n] + c[m] + a[m, n] + w[m, n] + q[m, n] + g[m, n] + z[m, n], (6)

where a[m, n] is the linear trend, w[m, n] is AWGN, q[m, n] is the non-static clutter, g[m, n] is other
clutter (e.g., due to system electronics), and z[m, n] is the clutter caused by moving objects other than
the target (e.g., persons in the environment). Figure 1 presents the ideal received signal matrix and the
corresponding matrix with AWGN at an SNR of 0 dB is given in Figure 3. This shows that it is difficult
to extract vital sign signals when the SNR is low. To avoid range ambiguities and frequency aliasing
requires that

1/Ts ≥ 2(max( fr, fh)) (7)

Further, the signals should be received within one pulse interval so that

Tw + max{τv(t)} −min{τv(t)} < Ts (8)

where Tw is the −6 dB UWB signal pulse width.

Figure 2. The ideal pulses acquired from one human subject.

Figure 3. The resulting matrix with AWGN at an SNR of 0 dB.
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UWB Impulse Radar

The UWB impulse radar developed by the Key Laboratory of Electromagnetic Radiation and
Sensing Technology, Chinese Academy of Sciences, is employed here. The radar parameters are given in
Table 1. The center frequency is 400 MHz and the pulse repetition frequency (PRF) is 600 kHz. The data
were obtained using six segments with a segment time window of 124 ns and Ms = 682 samples per
segment. The number of samples in fast time is M = 4092 and NA samples were averaged during
data acquisition. Thus, a signal is obtained every MsNA/PRF = 0.0341 s. The slow time sampling
frequency is 29 Hz, so N = 512 pulses are received every 17.6 s. Both equivalent-time and real-time
sampling [39] are employed as the performance is better than with an analog receiver employing only
equivalent-time sampling [40]. Figure 1 gives the two-dimensional (slow time and range) matrix R
obtained using the UWB radar with a subject at a distance of 6 m from the antenna in an outdoor
environment (this will be described in Section 4). The vital sign signals are not apparent due to the
significant signal attenuation which is typical of real environments. Therefore, a new method for vital
sign detection is proposed in this paper.

Table 1. The UWB impulse radar parameters.

Parameter Value

center frequency 400 MHz
transmitted signal amplitude 50 V

pulse repetition frequency (PRF) 600 KHz
number of averaged values (NA) 30

time window 124 ns
number of samples (M) 4092

analog to digital converter (ADC) bandwidth 2.3 GHz
ADC sampling rate 500 MHz
ADC sample size 12 bits

receiver dynamic range 72 dB

3. Respiration Detection

In this section, the proposed algorithm for respiration detection is presented including clutter,
linear trend, and interference suppression. Figure 4 gives a flowchart of this algorithm. In the
proposed algorithm, the time-domain mean subtraction (TMS) is used to suppress the static clutters;
the non-static clutters are removed by employing LTS method and a smoothing filter; the automatic
gain algorithm is used to suppress the clutter caused by the system electronics. To suppress the
clutters introduced by moving objects other than the detection target, there is only one target in the
experiments. Meanwhile, a band-pass filter and a smoothing filter are used to suppress the clutters
caused by some unknown moving targets. The spectral kurtosis analysis (SKA)-based WFT method
and an accumulator in the frequency domain are used to provide two distance estimates between the
radar and human subject. Further, the accumulator can also provide the frequency estimate of life
signs. These estimates are used to determine if a human is present in the detection environment.
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Figure 4. Flowchart of the proposed method for human target detection.

3.1. Static Clutter and Linear Trend Suppression

TMS is used to suppress the static clutter c[m] which can be estimated as [33]

= =
1

M× N

M

∑
m=1

N

∑
n=1

R[m, n]. (9)

Removing the static clutter gives

Q[m, n] = R[m, n]−=. (10)

While this effectively removes the static clutter, the linear trend a[m, n] which is inherent in radar
signals still exists. The LTS method is employed to remove the linear trend which gives [36]

WM×N = QM×N
T − X

(
XTX

)−1
XTQM×N

T. (11)
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where x1 = [0, 1, · · · , N − 1]T,x2 = [1, 1, · · · , 1]TN , and X = [x1, x2].

3.2. SNR Improvement

The received signal depends on factors such as the dielectric constant, humidity, obstacle
polarization, center frequency, and azimuth angle between the antenna and subject. These factors
cannot be estimated accurately, so a matched filter is not suitable for detection. A good alternative is a
band-pass filter such as a Butterworth filter, because it has a maximally flat magnitude response [41].
The transfer function of this filter is

|H(ω)|2 =
1

1 + (ω/ωc)
2N f

. (12)

where ωc is the cutoff frequency and N f is the filter order. N f = 5 is used here considering the tradeoff
between complexity and performance. The low-pass filter has normalized cutoff frequency 0.1037 and
a high-pass filter has normalized cutoff frequency 0.0222. The normalized cut-off frequency can be
expressed as

ωnc =
ωc

fs
(13)

where ωc is the cut-off frequency and fs is the sampling frequency in fast time.
Filtering is performed on WM×N in fast time for each slow time index n which gives

T[m, n] = b1W[m, n] + b2W[m− 1, n] + . . . + bNb+1W[m− Nb, n]
−a2W[m− 1, n]− . . .− aNa+1W[m− Na, n]

(14)

where Nb = Na = 5. The filter coefficients are denoted by ai and bi. To suppress non-static clutter,
a smoothing filter is used which results in

S[k, n] =
1
λ

λ(k+1)−1

∑
m=λk

T[m, n] (15)

where k = 1, . . . , bM/λc, bM/λc is the largest integer less than M/λ, and λ= 7. Values of T[m, n] for
m > bM/λc are set to zero.

3.3. Respiration Signal Improvement

Automatic gain is performed on SM×N in fast time to improve the respiration signal
which gives [41]

F[i, n] =
S[i, n]

S[τmax(0), n]
, i = 1, . . . , τmax(0), (16)

where S[τmax(0), n] is the first maximum of S[i, n], i = 1, . . . , M. If τmax(0) < M, then

F[i, n] =
S[i, n]

S[τmax(1), n]
, i = τmax(0) + 1, . . . , τmax(1), (17)
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where S[τmax(1), n] is the second maximum of S[i, n] and i = τmax(0) + 1, . . . , M. This process is
iterated until τmax(k) = M . The pseudo-code of this method is as follows

k= 0
while τmax(k) < M

τmax(k) = arg
τmax(k−1)<τ<τend

[
max

τmax(k−1)<m<τend

(S(m, n))
]

Vmax = max
τmax(k−1)<m<τend

(S(m, n))

F(τmax(k− 1) : τmax(k), n) = S(τmax(k−1):τmax(k),n)
Vmax

k = k + 1
end

(18)

Two methods are considered for target detection, and the range and respiration frequency are
estimated by comparing the corresponding results. In the next section, the high-frequency clutter is
reduced using a priori knowledge of the respiration frequency. Then, the clutter is further reduced
using frequency domain windowing.

3.4. Windowed Fourier Transform

Once the clutter and linear trend have been suppressed, AWGN given by w[m, n] is the main
signal component that degrades detection performance [42]. To reduce the effect of AWGN, the slow
time kurtosis is employed which is given by [43]

km =
E
[
(F[m, n])4

]
{

E
[
(F[m, n])2

]}2 , (19)

where E[] denotes expectation with respect to n. For a Gaussian distributed random variable,
the kurtosis is three. Thus, the excess kurtosis is used here which is [44–46]

k̂m = km − 3. (20)

Excess kurtosis is denoted as kurtosis in the remainder of the paper. To illustrate the
characteristics of the kurtosis, experiments were conducted outdoors with and without a female
subject. The experimental setup is explained in detail in Section 4. The kurtosis ZM×1 is shown in
Figure 5. The red lines indicate the kurtosis with a subject and the black lines without a subject. The
distances between the antenna and test subject are 3 m, 6 m, 9 m, and 11 m. These results indicate that
the kurtosis is negative when a subject is present, and near zero without a subject.
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Figure 5. The kurtosis of the received signal with (red) and without (black) a human subject.
The distances between the antenna and subject are (a) 300 cm, (b) 600 cm, (c) 900 cm, and (d) 1100 cm.

An FFT is usually performed on FM×N in each slow time dimension to extract the respiration
information. However, it cannot also be used to provide the range [47]. The windowed FFT (WFT) has
been used to determine time variations [48,49]. Thus, in this paper, the range of the human subject is
obtained from the discrete WFT (DWFT)

K[o, p] =
M

∑
m=1

Z[m]λ[o−m]e−j2pπm/P. (21)

where p denotes the pth discrete frequency, p = 0, 1, . . . , P− 1, and λ is the Hamming window given by

λ(o) = α− β cos
(

2πo
O

)
, o = 0, 1, · · · , O− 1, (22)

where α = 0.54, β = 0.46, and O = 512 corresponds to the width of the window [50]. The result KO×P
without a human subject is given in Figure 6, while the result with a subject is shown in Figure 7.
The vertical axis is frequency and the horizontal axis is fast time. Comparing these results shows that
the signal is periodic when a subject is present. The time-frequency characteristics of this periodic
signal are shown in Figure 8.
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Figure 6. The time-frequency matrix without a test subject after the DWFT.

Figure 7. The time-frequency matrices obtained using the DWFT. The distances between the antenna
and subject are (a) 300 cm, (b) 600 cm, (c) 900 cm, and (d) 1100 cm.

To obtain the range of the subject from KO×P, a frequency window of width 0.6 to 1.2 GHz is
employed. If τ̂ corresponds to the maximum amplitude index, then the estimated range is

L = v× τ̂

2
. (23)
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Figure 8. (a) The time-domain signal obtained with a human target, and (b) the normalized amplitude
of the periodic signal in the frequency domain.3.5. Frequency Accumulator

To improve the accuracy of the range estimate given by (23), a frequency accumulator is employed
to eliminate the harmonics of the respiration signal. The frequency of this signal is typically in the
range 0.2 Hz to 0.4 Hz [23,24]. After an FFT is performed on AM×N to obtain FM×N , a frequency
window of width 0.1 Hz to 0.8 Hz is used. A typical output is shown in Figure 9a. The resulting
matrix is UM×N′ where N′ = γ2 − γ1 + 1 is the number of values between 0.1 to 0.8 Hz, γ2 is the index
corresponding to 0.8 Hz, and γ1 is the index corresponding to 0.1 Hz. Then the following operation
is performed [51]

Ũ[m, i] =


0, for i = 0
U[m, i] for 1 ≤ i ≤ N′

2 − 1
0, for i = N′

2
−U[m, i] for N′

2 + 1 ≤ i ≤ N′ − 1

(24)

The frequency accumulator output is then

U[m, n′] =
∣∣∣U[m, n′] + jŨ[m, n′]

∣∣∣2 (25)

where j2 = −1.
The amplitude of U[m, n′] versus frequency using a single frequency accumulator is shown in

Figure 9b. There are signals with large amplitudes at several frequencies which make it difficult
to estimate the respiration frequency. However, as shown in Figure 9c,d, the respiration signal is
significantly enhanced using multiple frequency accumulators. Based on these results, the range
and respiration frequency are obtained from HM×N′ after frequency accumulation, i.e., (24) and (25),
is applied four times.

To further reduce the respiration harmonics, a length N′ vector is obtained from HM×N′ which is
given by

Õ[j] =
M

∑
m=1
|H[m, j]|2, (26)

where j ∈ [γ1, γ2]. The normalized amplitude of Õ[j] is shown in Figure 10 using a data set obtained
at a distance of 6 m between the antenna and subject. This shows that the harmonics are almost
completely eliminated. The human respiration frequency can be estimated as

fr = w(µr) , (27)
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where w ∈ (0.1, 0.8), and µr is the index of the maximum Õ1×N′. The distance estimates is then

L̃ =
v
2

τ̃, (28)

where
τ̃ = argmax{H(m, µr)} × δR. (29)

Figure 9. Results after harmonic suppression with a human subject 6 m from the antenna (a) FFT,
(b) one frequency accumulator, (c) two frequency accumulators, and (d) four frequency accumulators.

Figure 10. The normalized amplitude using four frequency accumulators with a human subject 6 m
from the antenna.
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Equations (23) and (28) provide two range estimates and the difference between them is

ℵ =
∣∣∣L− L̂

∣∣∣ . (30)

This provides an estimate of the range error. As a result, it can be used as a basis for determining if
a human subject is present by employing a suitable threshold. This will be examined in the next section.

4. Detection Performance and Discussion

In this section, three well-known methods, namely constant false alarm ratio (CFAR) [33],
advanced method (AM) [36], and, multiple higher order cumulant (MHOC) [37] are considered
to evaluate the performance of the proposed technique.

4.1. Experimental Setup

A series of experiments were conducted at the Institute of Electronics, Chinese Academy of
Sciences in Beijing and the China National Fire Equipment Quality Supervision Centre in Shanghai.
The experimental setup is shown in Figure 11.

Figure 11. The experimental setup for data acquisition, (a) the experiment model, (b) through-wall detection
outdoors, (c) the azimuth angle experiment, (d) through-wall detection indoors, and (e) the actuator experiment.

The first experiment was performed outdoors at the Institute of Electronics, Chinese Academy
of Sciences, with a male human subject as shown in Figure 11b. The subject stood behind the wall at
distances of 300 cm, 600 cm, 900 cm, and 1100 cm from the radar facing the antenna. Disaster victims
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are typically buried in rubble composed of different building materials, so the wall consists of three
common building materials, 30 cm of brick, 35 cm of concrete, and 35 cm of wood, for a total thickness
of 1 m. The radar was installed on a table 150 cm above ground. The detection performance with
the steps before the FFT as discussed previously were obtained using the outdoor experimental data
for a female subject behind the wall facing the antenna at a distance of 600 cm from the antenna in
Section 4.2, and Sections 4.3 and 4.4 analyzed the detection results using the developed method based
on the data acquired in this experiment.

The second experiment was carried out indoors with a different human subject standing behind
the wall at distances of 700 cm and 1000 cm facing the antenna at the China National Fire Equipment
Quality Supervision Center as shown in Figure 11d. The detection results using the data acquired in this
experiment were given in Section 4.3 to validate the detection performance of the proposed algorithm.

In the third experiment, a male human subject stood at angles of 0◦, 30◦ and 45◦ with respect
to the antenna at the Institute of Electronics, Chinese Academy of Sciences, as shown in Figure 11c.
The distance between the subject and antenna is 1100 cm, and the beam angle is 60◦. Section 4.5 showed
the influence of the azimuth angle between the subject and antenna on the detection performance.

The fourth experiment was carried out indoors at the China National Fire Equipment Quality
Supervision Center using the actuator shown in Figure 11e to imitate human respiration. The actuator
was placed on a desk 130 m above ground with a distance between the actuator and antenna of
400 cm and 700 cm. The fifth experiment was carried out outdoors at the Institute of Electronics,
Chinese Academy of Sciences, using the actuator to imitate human respiration. The actuator was
placed on a desk 130 cm above ground with a distance between the actuator and antenna of 1100 cm.
The performance of the developed algorithm is validated using these data acquired from the actuator
as shown in Section 4.6.

In the sixth experiment, six human subjects (four males and two females) were employed to
acquire data using the outdoor setup. All subjects stood facing the antenna at distances of 300 cm,
600 cm, 900 cm, and 1100 cm from the wall. Three datasets were obtained for each subject and distance
for a total of 72 datasets. All these datasets are used to determine if a human is present in the detection
environment as in Section 4.7.

4.2. Initial Detection Performance

The detection performance with the steps before the FFT as discussed previously were obtained
using the outdoor experimental data for a female subject behind the wall facing the antenna at a
distance of 600 cm from the antenna. The results after removing the clutter and linear trend are shown
in Figure 12a. This shows that the respiration signal is very weak and difficult to see. The results
after filtering in fast and slow time are given in Figure 12b,c, respectively. This shows a further
reduction in the clutter resulting in an improvement in the respiration signal. Figure 12d shows
that the human respiration signal is enhanced by employing the advanced automatic gain method.
While the interference introduced by moving objects can have a significant effect on the received signal,
this can be avoided by prohibiting people from moving in the environment.
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Figure 12. (a) Range results after removing the static and non-static clutter and the linear trend, (b) after
filtering in fast time, (c) after filtering in slow time, and (d) after respiration signal improvement using
the data acquired with the human subject stood behind the wall at 600 cm from the radar facing
the antenna.

4.3. Detection Performance

The improvement in SNCR using the proposed method is now illustrated using the datasets
obtained using a human subject at distances of 300 cm to 1100 cm from the antenna in through-wall
conditions. The well-known CFAR method is used as a reference. The Cramer-Rao low bound (CRLB)
of an unbiased estimate of the variance of the respiration frequency is given by [37]

var( f̂r) ≥
1

J( fr)
≈ 3v2

2π4 A2(χTs)µ2SNR
, (31)

where µ = 400 MHz is the effective bandwidth, A = 8 mm is the respiration signal amplitude, and χ

is the number of pulses. This shows that var( f̂ ) increases as the SNR decreases, so the detection
performance can be improved by increasing the SNR [37].

With no interference at the respiration frequency (which is reasonable), the SNR can be
estimated as

SNR = 20 log10


µr+1
∑

n=µr−1

∣∣∣Õ[τ̃, n]
∣∣∣

µr−2
∑

n=γ1

∣∣∣Õ[τ̃, n]
∣∣∣+ γ2

∑
n=µr+2

∣∣∣Õ[τ̃, n]
∣∣∣

, (32)

where τ̃ and µr are given by (28) and (29), respectively. The SNR decreases with distance due to signal
attenuation [37]. Thus, the improvement in SNR can be determined by considering the detection
performance at different distances. The estimated range L̃ using four frequency accumulators is shown
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as red stars in Figure 13, while the estimated range L̂ using the DWFT is shown as red circles in
Figure 14. The maximum error ℵ in the estimated range from (30) is 23.9 cm when the distance between
the antenna and subject is 900 cm. Figure 15 gives the corresponding results with the CFAR method,
and the results with the AM method are given in Figure 16.

Figure 13. Results after four frequency accumulations at distances between the antenna and human
subject of (a) 300 cm, (b) 600 cm, (c) 900 cm, and (d) 1100 cm.
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Figure 14. Results after performing the DWFT with a human subject at distances between the antenna
and human subject of (a) 300 cm, (b) 600 cm, (c) 900 cm, and (d) 1100 cm.

Figure 15. Results using the CFAR method with a human subject at distances between the antenna and
human subject of (a) 300 cm, (b) 600 cm, (c) 900 cm, and (d) 1100 cm.
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The red squares denote the estimates while the black ellipses denote the true values. These results
show that the subject range can be estimated accurately using the proposed method even at a distance
of 1100 cm, while the CFAR method is only accurate at a distance of 300 cm. Table 2 presents the SNR
values obtained using (32) for the CFAR, MHOC, AM, and proposed methods at distances of 300 cm,
600 cm, 900 cm, and 1100 cm. These results show that the proposed method provides the best SNR at
all distances, while the CFAR method provides minimal SNR improvement. Although the MHOC
and AM methods have a better SNR improvement than the CFAR method, it will be shown that they
provide poor detection results in long-range conditions.

Table 2. SNR (dB) versus range for different algorithms.

Method 300 cm 600 cm 900 cm 1100 cm Comparison

Proposed 7.58 4.62 1.27 −2.75 Higher
CFAR −4.54 −6.22 −17.86 −20.64 Very lower

MHOC −3.67 −4.85 −12.88 −16.29 Very lower
AM 2.35 −1.84 −8.69 −11.71 Lower

The experimental data obtained from the second experiment with the subject facing the antenna
at distances of 700 cm and 1000 cm from the antenna in through-wall conditions was used to further
validate the accuracy of the proposed method. The detection results are shown in Figure 17 and
indicate that the range can be determined more accurately indoors. This is due in part to the presence
of wind outdoors. For example, the maximum error ℵ obtained using (30) is only 6.24 cm when
the distance between the antenna and subject is 1000 cm. The corresponding respiration frequency
estimate is 0.235 Hz.

Figure 16. Results using the AM method with a human subject at distances between the antenna and
human subject of (a) 300 cm, (b) 600 cm, (c) 900 cm, and (d) 1100 cm.
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Figure 17. Results after performing the DWFT with indoor data, (a) range estimation at 700 cm,
(b) range estimation at 1000 cm, (c) frequency estimation at 700 cm, and (d) frequency estimation
at 1000 cm.

4.4. Interference Suppression

In this section, the MHOC method for interference suppression is illustrated using the data for a
human subject 600 cm from the antenna. Figure 18a shows the results after suppressing the harmonics
using the MHOC method, and the corresponding area of interest in the range-frequency matrix is given
in Figure 18b. The SNR obtained using (32) with the data for a human subject 600 cm from the antenna
versus the number of times the frequency accumulator is employed is shown in Table 3. These results
indicate that the SNR is significantly improved when the frequency accumulator is employed four
times compared with only once or twice, and there is little improvement when it is used six times.
Thus, the frequency accumulation method is employed four times in this paper.

Table 3. SNR with the frequency accumulation method.

Method 1 FA 2 FA 4 FA 6 FA

SNR (dB) 0.51 1.27 6.14 6.75

Figure 18 indicates that there still exist harmonics in the respiration frequency band after the
frequency accumulator is employed. The results after suppressing the harmonics using the proposed
method are shown in Figure 9d, and the corresponding normalized amplitude is shown in Figure 10.
The normalized amplitude-frequency using the data with a distance between the antenna and human
subject of 9 m and 11 m is shown in Figure 19. These results illustrate the effectiveness of the proposed
method in interference and harmonic suppression. The respiration frequency can easily be determined
to be approximately 0.3 Hz.
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Figure 18. (a) Respiration signal spectrum and (b) area of interest obtained using the MHOC method.

Figure 19. The estimated human respiration frequency using the proposed method at distances between
the antenna and human subject of (a) 900 cm, and (b) 1100 cm.

4.5. Detection Performance with Different Azimuth Angles

In this section, the influence of the azimuth angle between the subject and antenna on the detection
performance is investigated. In this case, the subject is behind the wall at a distance of 1100 cm from
the antenna. The detection performance with a 0◦ azimuth angle was discussed in the previous section.
The results with an azimuth angle between the antenna and subject of 30◦ and 45◦ are shown in
Figure 11a. After removing the clutter and linear trend, the corresponding normalized spectrums of
the resulting signals using the proposed method are shown in Figure 20a. These results indicate that
the amplitude of the respiration signal decreases as the azimuth angle increases.

As stated previously, the periodic respiration signal is the most important and reliable indication
of a trapped victim. The detection results obtained indicate that the largest signal amplitude is
obtained with a 0◦ azimuth angle, i.e., when the subject is facing the antenna. Figure 20b shows
the respiration frequency results using the proposed and FFT methods with a 45◦ azimuth angle,
and the corresponding results with a 30◦ azimuth angle are given in Figure 20c. These indicate that
the proposed method is much better at determining the respiration frequency than the FFT method.
This is because it is better at suppressing the harmonics and interference.
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Figure 20. The normalized respiration spectrum with (a) 30◦ and 45◦ azimuth angles using the
proposed method, (b) the proposed and FFT methods at 45◦ azimuth angle, and (c) the proposed and
FFT methods at 30◦ azimuth angle.

4.6. Actuator Experiment

In this section, the data obtained using the actuator in an indoor environment is used to evaluate
the proposed method. The actuator signal has an amplitude of 3 mm and a frequency of 0.333 Hz.
In the experiment, the actuator is on a desk at a height of 1.3 m facing the antenna. The distance
between the actuator and antenna was 400 cm and 700 cm. Figure 21a,b show the distribution of the
kurtosis in slow time and the range estimation, respectively, at a distance of 400 cm. The corresponding
results at a distance of 700 cm are given in Figure 21c,d. The error in the range estimates is 10.5 cm at
400 cm and 13.6 cm at 700 cm. The corresponding results with the AM and CFAR methods are given
in Figure 22. The frequency estimation with the proposed and FFT methods is given in Figure 23.
The estimated frequency with the proposed method is 0.321 Hz at both 400 cm and 700 cm, so the error
is only 0.012 Hz. The results for the proposed method shown in Figure 23a,c show that the interference
is significantly reduced compared to the results for the FFT method given in Figure 23b,d.
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Figure 21. Results for the actuator experiment, (a) kurtosis distribution at 400 cm, (b) range estimation
at 400 cm, (c) kurtosis distribution at 700 cm, and (d) range estimation at 700 cm.

Figure 22. Results for the actuator experiment at 700 cm using (a) AM method, and (b) CFAR method.
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Figure 23. (a) Frequency estimation using the proposed method at 400 cm, (b) frequency estimation using
an FFT at 400 cm, (c) frequency estimation using the proposed method at 700 cm, and (d) frequency
estimation using an FFT at 700 cm.

The SNR obtained using (32) with the data from the actuator 1100 cm from the antenna is shown
in Table 4. The best estimate of the actuator frequency is 0.334 Hz which was obtained using the
proposed method. This estimate has a deviation of only 0.12% while the estimate is 0.116 Hz using the
FFT method with a deviation of 65%. Further, the SNR improvement is significantly higher with the
proposed method.

Table 4. Actuator experiment results with five methods.

Method FFT MHOC CFAR AM Proposed

Rate (Hz) 0.116 0.177 0.0823 0.147 0.334
SNR (dB) −15.09 −7.58 −10.83 −6.72 4.06

Deviation (%) 65 47 75 56 0.12

4.7. Threshold Determination

A suitable threshold is required for reliable detection. A victim is assumed to be present if ℵ is less
than the threshold. The data for all six human subjects were considered for this step. For each subject,
three sets of data were obtained at distances between the antenna and subject of 300 cm, 600 cm,
900 cm, and 1100 cm, for a total of 72 datasets. Further, 10 sets of data were obtained without a subject
present using (23) and (28) based on the acquired 10 datasets.

In theory, the error ℵ should be large when a subject is not present due to the random nature
of the noise. A histogram of the range errors for the 72 sets of data is shown in Figure 24a, and the
corresponding probability distribution is given in Figure 24b along with the associated Gaussian
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distribution. The red line denotes the Gaussian distribution, while the blue stars denote the distribution
of the 72 errors. Based on these results, the error can be considered to be Gaussian distributed as 95% of
the error values follow this distribution. Further, 68 of the 72 values are less than 45 cm. This indicates
that the range of the victim can be determined accurately using (30). Table 5 shows the error when there
is no subject present. These errors are much larger than when a subject is present, so the existence of a
victim can be determined based on the error compared to a threshold, i.e., a victim exists if ℵ ≤ 0.5 m.

Table 5. Range estimates and errors without a human subject.

Frequency Accumulation Method (m) WFT Method (m) Error (m)

13.70 7.82 5.88
10.24 6.89 3.35
9.45 6.74 2.71

10.54 14.36 3.82
12.95 3.66 9.29
13.43 5.36 8.07
12.12 9.39 2.73
11.42 15.29 3.87
13.11 9.34 3.78
14.56 6.89 7.67

Figure 24. (a) Histogram of the range errors with the proposed method, and (b) the probability of
error distribution.

5. Conclusions

In this paper, a new human subject detection technique was presented which is based on
the windowed Fourier transform (WFT) and a frequency accumulator. The range and respiration
frequency of the subject were determined using UWB radar data. This provides a means of detecting
trapped victims after natural disasters. The detection performance was evaluated and compared
with three well-known methods. The results obtained show excellent suppression of clutter, linear
trend, harmonics, and high and low-frequency interference. Further, the proposed method has low
complexity. In summary, the developed detection algorithm of life signs provides a novel scheme for
human subject detection via employing an UWB radar. With this motivation, the developed UWB
radar can show better efficiency and effectiveness than other UWB radar systems. However, it is more
challenging to acquire human respiration frequency when the subjects are moving or walking due
to being in the same band as human breath with larger amplitudes. Thus, future work will focus on
obtaining respiration signals when the subject is in motion such as walking and running. Further,
techniques will be developed to identify human subjects from other living animals.
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