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Abstract

Non-contact life detection is a significant component of both civilian and military rescue
applications. As a consequence, this interest has resulted in a very active area of research.

The primary goal of this research is reliable detection of a human breathing signal.
Additional goals of this research are to carry out detection under realistic conditions, to
distinguish between two targets, to determine human breathing rate and estimate the posture.

Range gating and Singular Value Decomposition (SVD) have been used to remove clutter
in order to detect human breathing under realistic conditions. However, the information of the
target range or what principal component contains target information may be unknown. DFT and
Short Time Fourier Transform (STFT) algorithms have been used to detect the human breathing
and discriminate between two targets. However, the algorithms result in many false alarms
because they detect breathing when no target exists. The unsatisfactory performance of the DFT-
based estimators in human breathing rate estimation is due to the fact that the second harmonic
of the breathing signal has higher magnitude than the first harmonic. Human posture estimation
has been performed by measuring the distance of the chest displacements from the ground. This
requires multiple UWB receivers and a more complex system.

In this thesis, monostatic UWB radar is used. Initially, the SVD method was combined
with the skewness test to detect targets, discriminate between two targets, and reduce false
alarms. Then, a novel human breathing rate estimation algorithm was proposed using zero-
crossing method. Subsequently, a novel method was proposed to distinguish between human
postures based on the ratios between different human breathing frequency harmonics
magnitudes. It was noted that the ratios depend on the abdomen displacements and higher
harmonic ratios were observed when the human target was sitting or standing.

The theoretical analysis shows that the distribution of the skewness values of the
correlator output of the target and the clutter signals in a single range-bin do not overlap. The
experimental results on human breathing detection, breathing rate, and human posture estimation
show that the proposed methods improve performance in human breathing detection and rate
estimation.
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Chapter 1

Introduction

It is necessary to monitor subject’s breathing behind the wall in many applications such
as security applications, rescue operations, home care applications, and military surveillance
operations.

Human target detection behind the wall is based on Doppler variations built upon on
movements such as chest movement. The first radar vital sign monitoring system was developed
in the middle of the 1980’s by Georgia Technology Research Institute (GTRI) and a patent on
the system was issued in 1992 [1]. In 1990, Chuang used clutter cancelation circuits for
microwave systems to sense physiological movements remotely through an obstacle [2]. Since
the late of 1990’s, many radar systems have been able to detect single human breathing behind a
wall from near range [3].

The ability to detect breathing movements in the human body using ultra-wide band
(UWB) radar has been reported [4,5]. Since the beginning of this century, many UWB radar
systems have been employed to detect human breathing [5,6,7,8,9] in realistic conditions
[10,11,12,13], to estimate the number of targets [14,15], and to discriminate between human and
animal breathing [9,16].

The detection of humans behind walls is an open and evolving research area. Engineers
in the field are searching for methods to optimize the requirements of radar systems and to
employ an efficient detection algorithm. These increase the opportunities for utilizing the radar
systems in important and critical applications such as rescue operations, and security and military
applications.

1.2 Motivations

Detection of human breathing in free space is very important in medical, and homecare
monitoring applications. Also, human breathing detection behind walls is very important in
rescue operations, military, and security applications.

Regarding rescue operation applications, the United States Geological Survey (USGS)
introduced a study on earthquake disasters. It counted twenty two earthquakes with 50,000 or
more deaths from 1556 up until 2010. The 2004 earthquake in Sumatra was the third largest
earthquake in the world since 1990, and 227,898 people were killed or missing and presumed
dead [17]. Disasters such as earthquakes are not the only causes of high death tolls. Hundreds of
people also lose their lives with the collapse of buildings all over the world. The World Trade
Center disaster in September, 2011, claimed more than 5000 lives, partially due to the collapsed
towers. In Bangladesh, May, 2013, a collapsed building during a fire contributed to over 650
deaths. Obviously, the more time passes the less likely it is to find people alive. If survivors are
found and rescued earlier, the number of victims could be much lower. Development of a system
that can detect human vital signs behind walls or under rubble will reduce the number of deaths
due to natural disasters.

In military and security applications, it is desirable to detect human breathing, distinguish
between multiple targets, and estimate the postures of the targets. The number of targets and
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respective posture information can be very useful for determining the best breaking in suspicious
places scenario.

In hospital and homecare monitoring applications, a study in 2012 on the state of aging
and health in America reported that the population of Americans aged 65 or older will reach 89
million people in 2050 [18]. A study on the profile of older Americans, in 2012, by the U. S.
Department of Health and Human Services reported that about 28% of older persons live alone
[19]. One of every three adults aged 65 or older falls each year and about 30% of these falls
result in serious injuries [20]. Sometimes, it is difficult for older persons who lives alone to stand
after falling down, especially if they have medical problems with their limbs. Remote contact-
less detection of a fall is very important in this application.

Four proposed challenges needed to be addressed in order to detect human breathing
behind the walls. These challenges include the ability to estimate an accurate range, to
distinguish between two targets, to estimate a target’s breathing rate, and in addition, to estimate
a target’s posture. In the following, we will discuss the dominant problems in human breathing
detection systems based on these challenges.

1.2.1 Dominant Problems in Human Breathing Detection Systems

The dominant problems that can limit the detection through-the-wall device operation
are: the clutter, multiple signals received from multiple targets, drifting of the estimated target
range from the real range, high errors in the estimated breathing rate, and no posture
information being available. The goals based on reliable detection of breathing signal are: the
human breathing detection capability in realistic conditions, discrimination between multiple
targets, the accuracy of target localization, the accuracy of the human breathing rate estimation,
and the human posture estimation. Signal processing algorithms must be applied to suppress the
clutter, enhance the signal to noise ratio, extract the human breathing signal, and extract posture
and breathing rate information.

1.2.1.1 Human Breathing Detection in Realistic Conditions

The human breathing detection in realistic conditions means the ability of removing
clutter to detect the human breathing at its real range. The clutter suppression problem is
discussed in this section. The human chest displacement, caused by breathing, is between 10 and
20 mm [6,21]. When a human target is illuminated by an electromagnetic wave, the reflected
wave will be modulated by the periodic movement due to breathing. The reflected wave from the
target is weak compared to the waves reflected from walls. Generally speaking, the changes of
amplitude are negligible. Therefore only frequency, phase and arrival time changes can be used
for the detection of the periodic movement of the chest wall. Detecting such a weak signal in an
environment filled with clutter and noise is a problem that needs to be solved [22]. Range gating
has been used to remove the clutter [7]. However, the target range information needs to be
known. SVD has been used to eliminate the effect of clutter and noise [15,23,24,25,26].
However, the principal component that contains the target information may be unknown.
Discrete Fourier Transform (DFT) and Short Time Fourier Transform (STFT) have been used to
detect the human breathing after applying a clutter suppression method [12,13,24,26]. However,
assigning the suitable threshold for high probability of detection and low number of false alarms
was problematic because the distributions of the spectrum magnitude of the clutter and target
signals overlap. In addition, DFT and STFT need long observation time and long window
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duration time, respectively, for high frequency resolution. Also, selecting window size and type
is a challenging matter in using STFT. Wavelet transforms have been used in detecting the
human breathing [6,27,28]. However, a suitable type of wavelet should be studied for better
detection. In [9], DFT has been used to distinguish between human breathing rates and dogs
breathing rates. A challenging problem regarding detecting the human breathing on the basis of
the spectrum analysis is the human breathing harmonics and large-scale human body movements
[29,30,31]. This issue should be considered when using the DFT, STFT, and wavelet algorithms.
What is required is a human breathing detection method that does not require prior knowledge of
the target range and the principal component contains the target information. In addition the
distribution of the correlator’s output is presented in a target or clutter range-bin involving a non-
overlapped distribution. This is carried out by studying the third moment of the correlator output
squared. Such a method can be used to detect the human breathing in free space and behind
walls.

1.2.1.2 Discrimination Between Multiple Targets

DFT and S transforms have been used to discriminate between multiple targets [13].
However, the discrimination process has been performed by visual inspection and false alarms
may result in detecting clutter as human targets. In [15], a threshold that is a non-linear function
of the range between the target and the radar has been used to distinguish between two targets
using the spectrogram. The nonlinear threshold depends only on the range of the target and many
false alarms may be detected. In [32], an adaptive cancelation method has been used to
distinguish between two targets by removing the interference in the range-bins behind the first
target. However, no clutter suppression method has been proposed and the interference is
assumed to be additive. In [9], two targets have been detected on the basis of the breathing rate
and the method depends on the accuracy of the breathing rate estimator. What is required is a
method that can distinguish between two targets in free space and behind walls and does not rely
solely on the spectrum analysis to avoid false human detections.

1.2.1.3 Human Breathing Rate Estimation

The problem of the high errors in the estimated breathing rate is discussed in this section.
DFT, STFT, wavelets, and EMD have been used to estimate the human breathing rate in free
space and behind the walls with high breathing rate estimation errors in some scenarios
[12,13,24,27,33,34,35,36,37,38]. The main sources of error in human breathing rate estimation
algorithms are: the large-scale displacements of the human body and the magnitude of the second
harmonic may be higher than the magnitude of the first one. Large-scale displacements are the
displacements of any human body part while breathing, except the chest or the abdomen. These
displacements are like human swings while breathing, trembling hands, or coughing. The
problem of the large-scale human displacements has been addressed in [30]. The moving average
filter and the ellipse fitting methods have been used to eliminate the effect of the human body
large-scale displacements. However, the problem of the second breathing harmonic magnitude
being higher than the first one has not been addressed. High error in the estimated breathing rate
is expected using these methods because the peak of the second breathing harmonic may be
picked up as the breathing frequency in some scenarios. What is required is a method that
eliminates the effect of the human breathing harmonics on the human breathing rate estimation
process in free space and behind walls.



1.2.1.4 Human Posture Estimation

The problem of no posture information is available is discussed in this section. Human
posture estimation is important in many applications such as security, military, homecare
monitoring applications and rescue operations. Human posture estimation can be used to detect
fallen elderly people on the ground/floor and can be used to predict the activity of the human
behind walls. In [39], a training set of data has been used in a neural network to classify human
postures. In [40] , the distance between the human torso and the ground/floor has been inspected
to detect fallen people. If the distance between the torso and the ground/floor is very small, then
the target is lying down. Human breathing rate, heartbeat rate, and movements toward the
ground/floor while falling down have been studied to determine if the subject is standing or lying
down. However, the human breathing harmonics may affect the detection. Also, in [39,40], many
receivers have been used and more complicated radar systems are required. In [41,42], Doppler
radars have been used to detect fallen people by tracking specific signatures of the fallen human
body parts. However, many false alarms have been detected. In [43], two Doppler range control
radars and three classifiers were used to analyze the human gait movement spectrum. Also, the
human gait movement spectrum was studied to detect fallen people in [44,45]. As in [41,42], the
motion of the human body parts motion was used to detect fallen people. To the best of this
author’s knowledge, there has been no research that uses the ratios between different human
breathing frequency harmonics magnitude to extract posture information to estimate the human
posture. A method that can distinguish between human postures in free space and behind walls
based on the breathing harmonic magnitude ratios is needed.

1.2.2 State-Of-The-Art

While there has been extensive work to detect human breathing behind walls, to the best
of the this author’s knowledge, there has been no system solving all of these problems in Section
1.2.1[7,9,12,13,15,22,24,46,47].
SVD has been used in clutter suppression in human breathing detection systems
[15,23,24,25,26]. Identifying the principal components that are associated with noise and clutter
is a nontrivial problem while using SVD for clutter suppression. DFT and STFT have been used
to detect the human breathing after applying preprocessing and clutter removal algorithms
[12,13,24,26]. However, the method that used to assign a threshold for the detection process was
a challenging problem. The state-of-the-art algorithms are improved by proposing a method that
does not require prior knowledge of which principal component contains the target information
and can estimate accurate range and discriminate between two targets.
To estimate the human breathing rate, it was necessary to study the human breathing
activity. The two main moving parts while breathing are the chest and the thorax [48]. On the
basis of spectrum analysis, many human breathing rate estimators have been introduced in the
state of the art [12,13,24,27,33,34,35,36,37,38]. Human breathing rate in free space and behind
the walls is challenging for two reasons:
- The second breathing frequency harmonic may have magnitude higher than the first
breathing frequency harmonic [29,31].

- Theoretically, the Fast Fourier Transform can be used to estimate the human
breathing rate in a signal received in UWB radar receiver. However, experimental
observations show large error because of human body large-scale displacements [30].



According to the author’s knowledge, no one extracted the human posture information
from the breathing signal spectrum. The movements of the chest and the abdomen may contain
some information about the human posture. The displacements of the abdomen will change when
the human changes his/her posture. This feature can be used to distinguish between fallen people
on the ground/floor, and sitting or standing human postures.

1.3 Contributions

In this thesis, methods are introduced to solve all of the described problems in Section
1.2.1 using stationary monostatic UWB radar system. While performing our study, we observed
the following: several major sources of error in human breathing estimation, the importance of
including the abdominal movements in the human breathing model, the breathing signal
spectrum contains the human posture information, the third moment of the probability
distribution of the received signal changes when the target is absent, and the information of the
target can be contained in any of first several principal components. We attempt to enhance the
human breathing detection behind walls using these observations by the following contributions:

e |t has been observed that the major source of error in human breathing estimation algorithms
is due to the fact that the magnitude of the second harmonic is higher than the first one in
some scenarios. This knowledge is utilized to derive a more accurate human breathing rate
estimation algorithm.

Although state-of-the-art algorithms can detect and estimate the human breathing rate, the
error of the estimated breathing frequency was high [30]. The contribution of the abdomen
movements while breathing resulted in large magnitude of multiple harmonics of the breathing
signals. The major source of errors in breathing rate estimation algorithms is due to the
magnitude of second harmonic being higher than the magnitude of the first harmonic. This led to
additional minor contributions:

- The model of the human breathing reflected signal received by PN-UWB radar is modified so

that it includes the movements from the abdomen displacements.

- The knowledge of the existence of multiple breathing harmonics is utilized to derive a more
accurate breathing rate estimation algorithm.

- The knowledge of the fact that the chest and the abdomen move while breathing is used to
apply the constraint that limits the time intervals between each breath to reduce the breathing
rate estimation error compared to the FFT-based estimators.

The novel observation of the displacements of the abdomen while breathing and its effect
on the received breathing signal spectrum led to the development of the novel human breathing
rate estimation algorithm based on the zero-crossing with the time intervals between each breath
constraint. The Peak-to-Peak Interval (PPI) of the reflected signal is used to readjust the
boundaries of the band-pass filter. This is done to eliminate the noise and obtain more accurate
breathing rate estimation. A comparison was made among four different human breathing rate
estimators: FFT, moving average, ellipse fitting, and zero-crossing combined with the time
intervals between each breath constraint by collecting measurements from a human breathing
normally while sitting, standing, and lying down at different orientation angles from the radar.
The mean absolute error of the estimated breathing frequency of a human breathing behind the
wall was higher than that in the anechoic chamber or office environment using FFT. By using the
zero-crossing method the mean absolute error has been reduced by 23.13%, 33.46%, and 49.18%
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in an anechoic chamber, an office environment, and behind a 20 cm gypsum wall, respectively,
compared to the FFT estimator.

e It has been observed that the contribution of the abdomen displacement relative to the
contribution of the chest displacement is different at different postures. This observation is
utilized to propose a novel method that can distinguish between fallen people on the
ground/floor and people sitting or standing.

The displacements of the abdomen change when the human changes his/her posture. This led to
two minor contributions:

- The ratio of the harmonics magnitude of the breathing frequency is utilized to determine
posture of a person as well as changes in posture of a single person.

- The displacements of the chest or the abdomen are very small in the dorsal posture. This
observation can be utilized to detect fallen people on the ground/floor based on studying the
ratios between different breathing harmonics.

These observations led to a method for estimating human posture from the breathing
signal. The results of this method show that the ratio between the second and the first breathing
frequency harmonic magnitudes is the least when the human is lying down on his/her back and
increases when he/she is sitting and standing. For specific threshold, probability of detection for
the lying down posture of one subject was 100%, 92%, and 83% in an anechoic chamber, an
office environment, and behind a 20 cm gypsum wall, respectively. However, further analysis
showed that the threshold level needs to be adapted for each person and therefore this approach
requires further analysis.

e Probability distribution of the received signal after filtering was analyzed and it was observed
that the third moment in a range-bin in slow time drops exactly in the range-bin where the
target is. This drop is independent of whether there is a wall or not in between the target and
the radar. This observation can be used to reliably detect the closest target.

This observation led to minor contributions:

- This feature can be used to estimate the target range.

- This feature can be used to distinguish between clutter and human targets. The false alarms of

the human breathing detection can be reduced by using this feature.

This contribution led to the development of a human breathing detection method based on
studying the skewness value of the amplitude squared of the received signal. This method can
present the clutter and target amplitudes in a non-overlapped distributions. Thus assigning a
threshold for the target detection is not a problematic operation. The method was tested to detect
a human behind a wall. The target was standing 1.5 m behind a 20 cm gypsum wall. Data was
collected from two different subjects. A total 46 measurements were collected. The null
hypothesis was not rejected when there was no target. Target detection was rejected twice when
there was a target in a total 46 measurements. This method resulted in no type | error and 4.34%
type Il error.

e It has been observed that the information about the target can be contained in any of the
initial singular components. A novel human breathing detection algorithm is proposed that
does not require priori knowledge of which principal component contains the target
information. Based on this observation, we apply method to:
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- Combine between SVD and the analysis of the skewness of the received signal to estimate the

range of the first target.

- Discriminate between two targets.

The state-of-the-art research used SVD to remove the clutter and noticed that the target
information is in the second principal component. However, we observed that the target
information is not always in the second principal component. The presence of a target in a range-
bin was detected using a novel method which combines the SVD and the skewness test method.
This method does not require prior knowledge of which principal component contains the target
information. The proposed method is not only detecting human breathing, but can also
distinguish between two targets by removing the principal component one after the other. The
state-of-the-art uses time and frequency analysis methodology to discriminate between targets. In
our research’s methodology, a study was made on how to discriminate between targets using the
SVD and the skewness determination in each range-bin. We were able to discriminate between
two targets standing in an anechoic chamber, an office environment, and behind a 20 cm gypsum
wall, separated by 1 m, 0.5 m, and 0.3 m between each other. Although the minimum distance
between targets that can be resolved in free space is 20 cm, we were not able to discriminate
between targets behind walls separated by less than 30 cm.

The following papers and patent were published based on the research leading to this

thesis:

- Mohamed Mabrouk, Sreeraman Rajan, Miodrag Bolic, 1zmail Batkin, Hilmi R. Dajani, VVoicu
Z. Groza, “Detection of Human Targets behind the Walls Based on Singular Value
Decomposition and Skewness Variations,” 2014 IEEE Radar Conference, Cincinnati, May
2014, pp. 1466-1470.

- Mohamed Mabrouk, Izmail Batkin, Sreeraman Rajan, Miodrag Bolic, Hilmi R. Dajani,
Voicu Z. Groza,” Remote Sensing of Human Breathing at a Distance,” US Provisional Patent,
61/994,408, May, 16, 2014.

- Mohamed Mabrouk, Sreeraman Rajan, Miodrag Bolic, 1zmail Batkin, Hilmi R. Dajani, VVoicu
Z. Groza,”Model of Human Breathing Reflected Signal Received by PN-UWB Radar,” 36"
Annual International Conference of the IEEE Engineering in Medicine and Biology Society,
Chicago, Aug. 2014.

1.4 Thesis Outline

This thesis consists of seven chapters in total. The first chapter includes an introduction,
motivations, and the expected contributions.

In Chapter two, the first section introduces the types of radar technology used in human
detection behind walls. The second section presents the operating center frequency, bandwidth,
and SNR suitable for the best detection performance of human breathing behind the wall. The
third section discusses the problems that needed to be solved in order to detect a human
breathing behind a wall or under rubble. This is followed by a literature review on human
breathing detection in free space and behind walls. The last section presents the radar system that
was used in collecting the experimental data.

In Chapter three, a literature review on the human breathing detection signal processing is
presented.

In Chapter four, the statistical approach used in this thesis to detect the range-bins that
contain a target is introduced. After that, the SVD and skewness variation determination method
to detect the human breathing and discriminate between two targets is proposed. Some results in
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an anechoic chamber, free space, behind a gypsum wall, and the structure lab in University of
Ottawa, Ottawa, Canada, are also presented.

In Chapter five, a novel breathing rate estimation algorithm is proposed and the
advantages of this algorithm are presented. A comparison is made between our proposed
algorithm and the developed state-of-the-art algorithms.

In Chapter six, a novel method for human posture estimation is proposed using UWB
radars. A distinction is made between human lying down posture and human sitting or standing
posture.

In Chapter seven, the conclusion and potential future work are presented.



Chapter 2
Background

2.1 Types of Radar Technology

Narrowband continuous wave, narrowband pulsed wave, and ultra wideband radars were
used to detect human breathing in free space and behind wall structures. Each technology has its
advantages and disadvantages and the type of technology choose may involve optimizing
engineering trade-offs between conflicting requirements of the application. The requirements of
application may include the availability, cost, the interference immunity, obstacle penetration
capability, the data acquisition time, ability to determine distance, and the ability to estimate the
breathing rate. Also presented in this section, are the different radar technologies that have been
used by the state-of-the-art to detect the human breathing in free space and behind walls. A
comparison is made between these different technologies and the reasons for choosing the PN-
UWB radar in this research are also included.

2.1.1 Narrowband Continuous and Pulsed Wave Radars

Narrowband continuous wave (NBCW) radars have been used for several years in human
detection behind walls. Narrowband radars can detect phase variations with high sensitivity
proportional to the transmitted wavelength. However, no range information is available and the
system is sensitive to narrowband interference (NBI). The narrowband pulsed radar can detect
the target range but with low accuracy, and the system is sensitive to NBI. Moreover, it shows
poor time stability (time drift and jitter caused by imperfections in the triggering unit of a radar
device) which increases non-zero Doppler components [26,49]. Non-zero Doppler components
can increase the number of false alarms. Narrowband continuous and pulsed wave radars have
the advantage of good detection of vital signs and are highly sensitive to phase variations. On the
other hand, location information cannot be obtained using these radars, target discrimination is
difficult and NBI may impact the detection process [50].

The first attempt to use microwave systems to sense physiological movements remotely
through an obstacle with NBCW radars was in 1985 [51]. NBCW radars have the advantage of
detecting small movements by detecting phase variation of the reflected wave from the target.
Noise and clutter completely obscure the target, making the detection of life difficult. In 1990,
Chuang wused microprocessor-controlled automatic clutter-cancellation circuits to sense
physiological movements remotely through the rubble [2]. Two microwave life locator systems
working in L-band (2 GHz) and X-band (10 GHz) with transmitted power from 10 to 20 mW
were used. The system was tested with a person sitting on a chair behind brick walls of different
thickness. The performance of the L-band radar was acceptable up to 3 feet thickness, while the
performance of the X-band radar degraded after 1.5 feet [2].



2.1.2 Ultra Wideband Radars

The United States Federal Communications Commission (FCC) defines an UWB signal
as a signal with either a fractional bandwidth of 20% of the center frequency or more than 500
MHz. The fractional bandwidth is defined by:

2(fu—fL)

BW = @1
where, fy; is the upper cutoff frequency and f; is the lower cutoff frequency. UWB technology
has the following advantages [13,52]:

1- Guarantees high range resolution.

2- Good penetration characteristics.

3- Possess good immunity against multipath interference.

4- Has the ability to operate indoor as well as outdoor areas.

5- Has the ability to reject clutter, high spatial resolution, and discriminate between
targets close to each other.

UWAB radars can track multiple targets, and provide better separation between targets and
clutter due to its large bandwidth. Although UWB radars possess good immunity against
multipath interference, this interference still affects detection and clutter is not completely
eliminated in the detected signal. The use of correlation is effective for detecting range and
overcoming the problems of multipath interference and clutter [50]. UWB radars guarantee an
accurate estimate of the reflectors’ range, overcome the problem of NBI, have good penetration
characteristics, discriminate between multiple targets, and detect small movements through
multiple scans. For these reasons, UWB radars stand out among other electromagnetic systems in
the human breathing detection fields [12,13,50,52].

The first attempt to use UWB radar in medical applications for human body monitoring
and imaging was in 1993 [53]. In 1996, the US Patent, 5,573,012, in remote sensing was
awarded [54]. Since then, UWB radar is recognized as a sensor for remote sensing and imaging.
By 1999, several publications related to the medical applications of UWB technology in
cardiology, obstetrics, and detection of respiration rate appeared [53]. UWB radar technologies
can be broadly categorized as Impulse, Pseudo-random Noise (PN), Frequency Modulated
Continuous Wave (FMCW) radars, and Stepped Frequency Continuous Wave (SFCW) radars.

2.1.2.1 Impulse UWB Radars

Impulse UWB radars have been used widely in detection of human life behind walls.
Several detection algorithms have been developed to enhance the received Signal-to-Noise
Ratio (SNR). In 2004, Ossberger and Buchegger detected human breathing behind a brick wall
of 20 cm thickness when the target was standing 5m from the radar [6]. A weakness exists in
this study due to the fact that the authors subtracted the background by only subtracting the
mean from the received signal, and attempted no enhancement of SNR, for example, by
integrating a burst of received pulses, was attempted. In 2006, Levitas used UWB radar made
by Geozondas Lithuania, with large operational bandwidth (11.7 GHz) to detect breathing and
heartbeat of a human standing 2.4m behind a wall [55]. Chernyak proposed a method using
multi-site UWB radar devices when searching for survivors in rubble [56]. In his work, the
radar operating frequency was 2.25 GHz and the bandwidth was 0.5 GHz. The received SNR
was 0 dB after coherent summation. In 2009, Baboli introduced a new wavelet based algorithm
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for estimating the detected breathing rate using 3.2 GHz bandwidth impulse radar [27]. In
2010, Levitas and Matuzas used impulse UWB radar with an operating frequency of 2.5 GHz
and a bandwidth of 0.5 GHz to detect breathing of a target behind the wall. These researchers
were able to discriminate the targets as being either human or a dog by the breathing rate. The
receiver had a dynamic range equal to 78 dB from the noise level up to the largest clutter signal

[9].
2.1.2.2 Random Noise and Pseudo Random UWB Radars

Random noise UWB radars are widely used for a variety of applications such as range
profile measurements, detection of buried objects, Doppler estimation, Synthetic Aperture
Radar (SAR) and Interferometric Synthetic Aperture Radar (ISAR) imaging [57]. The random
noise radars use random noise waveform as a transmit signal. The Pseudo Random UWB (PN-
UWB) Radar readjusts the time between the transmitted pulses using a pseudo random code and
then transmits it. In 2003, Narayanan and Xu discussed the principles and applications of
coherent random noise radar. Range profile was estimated using a correlation method and SNR
was maximized for better small movement detection by combing between the advantages of a
random noise UWB waveform with the power of the coherent processing [58]. The radar system
was relatively immune to narrowband interference or jamming because of the UWB pulse
advantages. In 2004, Narayanan recorded a 2-D high resolution image of two trihedral reflectors
obscured behind trees, using a combination of UWB Random Noise Radar and SAR technique
[59]. Lai, in [60,61], used UWB random noise radar with operating frequency from 350 MHz to
750 MHz, 23 dBm total transmitted power, a range resolution of 37.5 m, and 20 dB dynamic
range to detect a human standing behind a 50 cm thick brick wall. In 2008, Sachs used the
Pseudo Random UWB (PN-UWB) technology to track moving targets and detect people hidden
by obstacles. The operating frequency of the radar was 2.5 GHz with bandwidth of 2500 MHz
[46]. In 2011, Singh used PN-UWB Radar to detect human breathing behind different types of
walls. He succeeded to detect the human breathing signal behind a one foot thick gypsum wall,
a 4 cm wooden door, and a 12 cm thick brick wall [24]. In 2014, Lazaro used a PN-UWB Radar
to detect and estimate the human breathing. He was able to detect if the received signal is from
breathing activity or other types of movements [29].

2.1.2.3 UWB Frequency Modulated-Continuous Wave Radars

In 2009, Maaref published a study of UWB FMCW radar for detection of human beings
moving inside a building. The radar operating frequency was from 1 GHz to 5 GHz and was
used to detect a human walking behind a wall 20 cm thick. The system provided high range
resolution. Cross range resolution was obtained by using a triangulation method. Experimental
results showed a -8 dB and -25 dB attenuation when a human was standing behind a concrete
wall and a concrete slab, respectively [25]. Anitori detected the life signs of people in free
space using the same technology with a 25 mW transmitted power with no obstacle [33].

2.1.2.4 UWB Stepped Frequency- Continuous Wave (SFCW) Radars

In 2010, Grazzini tested using UWB SFCW Ground Penetrating Radar (GPR) as a
rescue device to detect people after the collapse of buildings. The radar had an operating
frequency range from 100 MHz to 1 GHz and a 1 mW transmitted power. The target was
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recumbent inside a tube of diameter 1m under a 1m thick pile of debris. The dynamic range
was 100 dB [62].

Zhuge, in [63,64], discussed various UWB technologies. An operational frequency band
from 1 to 2 GHz, 20m detection range, and 1.5m length array was used in this research. The
radar system had a range resolution of 0.15m and a cross range resolution of 2m at 20m
detection distance. The required dynamic range for this system was 120 dB. For FMCW radar,
the data acquisition time was 100-500 ps and it provided high energy. In contrast, for SFCW
radar, the data acquisition time was about 300 ms and it provided high energy and had a wide
dynamic range. For Impulse Radar, the data acquisition time for a stroboscopic receiver was
118 us and the dynamic range was fulfilled by time gating the antenna coupling and the wall
reflection. For the Pseudo-random UWB Radar, the data acquisition time can be derived from
the pulse repetition time which was selected as 0.13 ps. Time gating was used to achieve higher
dynamic range. The noise radar was the fastest among all of them in data acquisition [63].
Nezirovi¢ in his PhD thesis compared the four UWB radar technologies in detecting human
breathing behind walls or under rubble [26].

Table 2.1 summarizes the advantages and disadvantages of using these technologies
[26,63].

Table 2.1 Advantages and disadvantages of various UWB Radar technologies.

UWB radar

CW UWB radars Impulse radars Pseudo-random UWB radars
Technology
Time Stability Stable Stable High time base stability
Requires highly linear Readily available and Readily available and widely used
Availability signal generator widely used technology technology
Cost High cost Inexpensive technology Relatively inexpensive technology
o Slow data acquisition Moderately fast data L
Data acquisition time (ms) acquisition (s) Fast data acquisition (ps)
Interference Relatively immune to Relatively immune to Immune to narrowband
Immunity narrowband interference narrowband interference interference
It possesses very good Might have a problem No impulse like waveform_s, S0
Dynamic range dynamic range maintaining linear dynamic makes t_)etter use of the a_vallable
range dynamic range than the impulse

radar

Low average transmitted Low average transmitted power

Power Good total power budget power
Range gating No possg);:;;)éof range Allows range gating No possibility of range gating

To conclude, we need to use UWB technology in human breathing detection behind the
walls because it has the capability of penetrating wall constructions. The PN-UWB technology is
the fastest in data acquisition time. It is a readily available and inexpensive technology with wide
dynamic range and low average transmitted power. Also, it is immune to interference and
multipath problems. The author of this research is suggesting using the PN-UWB technology in
human detection behind walls.

Although UWB radar can detect the movement of a target behind a barrier, one still needs
to develop specialized signal processing algorithms to detect human breathing behind walls.
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These algorithms should be validated using appropriate mathematical models and by
experimental studies with human subjects.

2.2 Operating Center Frequency, Bandwidth, and SNR

The factors that characterize our UWB Radar system include: Operational center
frequency, bandwidth, received signal-to-noise ratio, and the depth that the electromagnetic wave
can reach and reflect to the receiver. Yarovoy proposed the following requirements for human
breathing detection behind walls which are realistic in some scenarios [4]:

1) Maximal operational range of 20m in free space.

2) Penetration through brick walls with a total thickness up to 40 cm (in one way propagation).

3) Target positioning accuracy should be better than 30 cm.

4) Reflection coefficient from walls is up to —10 dB level.

Points 1 and 2 can be achieved by studying the propagation losses and Radar Cross Section
(RCS) of the human body. The propagation losses decrease when the center frequency decreases.
The radar cross section of the human body has its maximum values at the center frequencies
from 1 to 2 GHz and from 3 to 5 GHz [64]. Table 2.2 introduces the total propagation loss in
different types of walls [63,64].

Table 2.2 Total propagation loss for different wall materials (thickness of the wall is 0.2 m) [64].

Propagation loss (dB)
Material Frequency(GHz)
Range: 0.5m Range:10m Range:20m
1 -56.7 -108.7 -120.8
3 -734 -125.4 -137.5
Concrete Block
5 -77.2 -129.2 -141.3
7 -85.8 -137.8 -149.8
1 -50.6 -102.6 -114.6
3 -67.5 -119.6 -131.6
Brick
5 -78.9 -130.9 -143.0
7 -95.1 -147.1 -159.2
1 -49.1 -101.1 -113.2
3 -63.7 -115.7 -127.7
Structure wood
5 -71.0 -123.0 -135.0
7 -82.0 -134.0 -146.1

Results in [25] show that a transmitted waveform with a frequency in the L- or S-band is
suitable for detecting the human breathing behind an obstacle, while results in [26] show that a
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bandwidth of 400 MHz and operating frequency less than 1 GHz produce good detection results.
A bandwidth larger than 500 MHz can obtain positioning accuracy better than 30 cm. If the
reflection coefficient from the wall is up to -10 dB, the dynamic range should be from 100 to 150
dB [64].

2.3 Detecting Human Vital Signs behind Obstacles

This research will address the problem of human being detection behind obstacles. In
order to solve the human detection problem, consideration must be given to a method for
detection of human breathing, detection in realistic conditions including clutter removal,
estimation of accurate range and the number of targets, and estimation of human posture. In the
following section the issues (denoted by letter P followed by a number) that need to be solved in
order to detect the human being behind walls will be presented.

2.3.1 Detection of human breathing (P1)

The human chest displacement, caused by breathing, is between 10 and 20 mm, and the
heartbeat causes a displacement ranging between 0.2 and 0.5 mm [6,21]. When a human target is
illuminated by electromagnetic wave, the reflected wave will be modulated by the quasi-periodic
movement of breathing and heartbeats. The reflected wave from the target is generally weak and
the changes of amplitude may be negligible. Therefore only frequency, phase and arrival time
can be used for the detection of the movements due to breathing and the heartbeats. NBCW
radars detect the displacement of the human chest and the heartbeat by detecting the phase
variation in the reflected signal [49,65,66,67]. UWB radars use the time of arrival to detect the
human chest and the heartbeat displacement [5,10,11,23,50,68,69,70]. Phase variation and time
of arrival estimation encounter many challenges which include: small movements, low received
SNR, high clutter from the wall and other objects in the room, high attenuation of the
electromagnetic wave in the human body, and antenna coupling. Furthermore, the large-scale
displacements of the human body may be a challenge in human breathing detection and rate
estimation [30]. Also, the large error in the estimated human breathing rate may be because the
second breathing harmonic is higher than the first one in some scenarios.

2.3.2 Clutter Suppression and Detection in realistic conditions (P2)

When human breathing is being detected behind a wall, the reflected signal is a
combination of reflected signals from the human being, stationary clutter, non-stationary clutter
and narrowband interference [24,26].

The stationary clutter depends on the material of the walls and the objects inside the
room. In some scenarios, the clutter is homogeneous and reflectors are not composed of multiple
materials. In other scenarios, walls are composed of different materials and the clutter is
heterogeneous and the electromagnetic propagation velocity is not the same in the whole
scanning field. This will drift the target’s estimated position from its real location.

2.3.3 Estimation of the number of targets (P3)

The received signal may be composed of multiple signals received from multiple targets.
Estimating the number of targets that are behind the wall is more problematic than single target
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detection. When two targets are in the same detection area, the micro-Doppler signature will be
composed of the movement activities of these two targets. High resolution radars can distinguish
between these targets. When there are more than two targets, the problem of differentiating
between the targets becomes more difficult. Two or more receivers and transmitters have been
used to distinguish between multiple targets [71]. However, distinguishing between multiple
targets using a stationary monostatic UWB radar system is more problematic and needs more
advanced techniques. Estimating the number of targets and the respiration rate for every target is
an open research area.

2.3.4 Detecting the posture (P4)

Posture estimation can be used in non-contact monitoring of vital signs in long-term
monitoring of elderly as in home-care where multiple subjects may be monitored independently
[39,40,44]. If we can estimate the human posture, we can detect fallen people on the ground/
floor. Furthermore, posture estimation provides a prediction of the best scenario for breaking into
a designated area in secuirity applications and rescue operations. It helps to determine how many
people are standing, sitting, or lying in the dorsal decubitus position.

2.4 Literature Review on Human Being Detection Behind Walls

In this section, a literature review is presented on using NB and UWB technology in
human breathing detection behind walls. Attention will be also given to radar systems
specifications such as: center frequency, bandwidth, dynamic range, and maximum range, and
the methodology that has been used to detect human breathing behind walls. Later Chapter three
will focus on further analysis of the algorithms that have been used to address the human
breathing detection problem.

The initial attempt at using microwave systems to sense physiological movements
remotely behind an obstacle was in 1990 [2]. The first attempt of using the UWB radar in
medical applications for human body monitoring and imaging was in 1993 [53]. In March 1996,
Ross developed a new class of electronic scanning radar system (ESR) for particular application
to intrusion detection using UWB transmitters [72]. In the same year, the US Patent, 5,573,012,
in remote sensing was awarded [54]. By 1999, many studies have been done for UWB medical
applications like detection of respiration rate.

In 2011, the radar detection method for targets behind corners was introduced. If two or
more paths are not in the same range cell, multipath effect can be removed. DFT was used to
detect the moving target [73]. In the same year, Lui used the same approach to detect a target
using DFT or STFT combined with SVD approach [12].

DFT and STFT have been used to detect the respiration rate of the target in a specific
range-bin [12,13,24,33]. In 2012, a method was introduced to detect the breathing of a human
behind walls using 2D-DFT or STFT [13]. Wavelet transforms have been used to detect the
human breathing frequency [6,27,28]. In 2012, a wavelet-based strong clutter removal technique
for UWB life detection using DWT was proposed and 8 dB increases in SNR were achieved
[28].

The human detection challenge requires research not only in human breathing detection
but also in several signal processing fields including range estimation, noise and clutter
suppression and estimation of the number of targets.
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I. Immoreev used range gating to eliminate interference and clutter reflections [74].
Range gating may not be precise enough to remove clutter and noise. Singh and Maaref used
SVD to suppress clutter and noise [24,25]. They detected a human standing 2.3 m from the radar
and breathing behind a 30 cm gypsum wall, 20 cm brick wall, and a 20 cm concrete wall. They
claimed that the clutter will be in the first singular value of the diagonal matrix. However, we
found that the clutter may extend beyond the fifth principal component. Tivive showed in his
results that the target reflections are not always in the second singular value [75]. A. Nezirovi¢
estimated which singular value contains the target information by using a threshold based
decision method and detected human breathing inside a sewer pipe of 10 cm concrete thickness
[26]. The experiments were performed in an environment that does not correspond to realistic
conditions. Amin used the moments of the statistical distributions of the reflected signal
amplitude to measure the contrast in radar imaging [76]. The SVD method works well in both
indoor and outdoor environments when identifying which principal component contains the
target reflections.

The SVD method can be used in clutter suppression and discrimination between multiple
targets [14,15]. The SVD combined with the STFT method has been used to detect human
breathing behind different types of walls and to discriminate between two targets [12,15].
However, SVD combined with STFT didn’t give good results in detection behind concrete walls.
In 2012, Y. Li proposed a method to discriminate between two targets standing in free space and
behind an obstacle [32]. He used an IR-UWB radar system transmitting pulses with peak power
equal to 5W. An adaptive filtering method was used to remove the interference and distinguish
the second target from the first target. Discrimination between multiple targets breathing behind
walls is still an open research field.

In 2011, Dwelly introduced a method to distinguish between human and non-human
targets. The method can estimate what a human is doing. The method is based on detecting the
breathing rate, heart beat rate, and any other movement, and use these parameters as input to a
neural network [39]. Human posture estimation under LOS and NLOS conditions is also still an
open research field.

Table 2.3 surveys the problems that were addressed in the literature on human breathing
detection behind walls, as presented in Section 2.3 above. The references [10,11,15,24,32,61] are
the most relevant to our work. However, none of them addressed the four problems which are
presented in Section 2.3.

From the table, it is obvious that P4 is an open-research area with a small number of
contributions. P1, P2, and P3 have been researched by a number of researchers. However, many
questions have not been addressed by the state of the art. Some of these questions include: why
the error in the estimated breathing rate still high compared with the real breathing rate in some
scenarios, why the second breathing harmonic is higher than the first harmonic in some
scenarios, which principal component contains the target information when SVD is used in
clutter suppression, and what is the suitable threshold that can detect targets and reject clutter.
This thesis addressed all of these questions. The choice of solution may involve optimizing
engineering trade-offs between conflicting requirements of radar systems, the ability to
determine distance, and to estimate the breathing rate. A detailed survey of the state of the art for
using NB and UWB technology in human breathing detection behind walls is in Appendix B.
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Table 2.3 Survey of the problems that were addressed in the literature on behind the wall
detection (problems P1 — P4 are described in Section 2.3).

Reference P2 P3 P4

[2]
[5]
[7]
[9]
[10]
[11]
[12]
[13]
[15]
[22]
[24]
[32]
[38]
[39]
[46]
[49]
[50]
[60,61]
[62]
[65]
[67]
[68]
[69]
[70]
[128]
[129]
[130]
[131]

XX XX

X

XXX

X[ X[ X

DX XX DX XXX XXX XXX X XXX XXX XXX | X | X X[ X[ 8
X
X

X
X
X

2.5 Analysis of Human Breathing Detection Behind Walls Radar
System Requirements

In this section, Sections 2.2, 2.3, and 2.4 are summarized in order to present the most
suitable requirements for this research’s radar system. The radar systems used to detect human
breathing, transmit electromagnetic waves with power form 0.1 mW to 5 W. However, the
United States Federal Communication Commission (FCC) mask for UWB is - 41.3 dBm / MHz
in the frequency ranges from 3.1 to 10.6 GHz, and is 15.209 dBm / MHz below 960 MHz. The
typical average radiated power, integrated over the band of interest may be in the order of mWs
[33,55,62]. Recently, Narayanan used UWB Radar with transmitted power of 0.316 mW to
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detect a human breathing behind a wall. The radiated power spectral density of this short
distance radar system is -3 dBm / MHz and -22 dBm / MHz at outputs with and without the
power amplifier, respectively, which are much lower than the FCC limit [61]. Increasing the
transmitted power cannot be used as a solution to the detection problem. However, we can
increase the received SNR by integrating a number of the received pulses. By integrating 512 of
the received pulses, SNR will be increased by 27.01 dB. The attenuation of the transmitted signal
depends on the material of the wall, bandwidth of the transmitted signal, and the central
frequency. The operating frequency from 1.6 to 2.4 GHz or from 3 to 4 GHz gave good
penetration characteristics [67,64]. The radar cross section of a human target has its highest value
in the frequency range from 3 to 4 GHz [25]. Also, it was found that a bandwidth above 2 GHz
and having center frequency from 4 to 6 GHz, results in highest SNR values [23].

Detecting a human standing 1~5 m behind a 30~50 cm thick wall is realistic in some
scenarios. The operating range of the radar will be around 20 m. The dielectric constant of
different materials in the walls is the main factor that controls the amount of power reflected
from or transmitted through this barrier. A higher dielectric constant results in higher wall
reflectivity. Wet brick and concrete have the highest dielectric constants. The receiver operating
characteristics (ROC) curve in [60] shows the lowest probability of human detection when a
person is standing behind a wet brick wall.

Table 2.1 illustrates that the pseudo-random UWB technology is the most suitable
technology for this application. It is a widely available technology, inexpensive, immune to
narrowband interference, and has the ability of range gating. Based on information previously
presented in Section 2.2, it is apparent that a radar system that transmits UWB pulses with a
center frequency from 3-4 GHz is required to achieve penetration characteristics and bandwidth
500 MHz or higher for high range resolution. The radar system should have the ability to
integrate a high number of the received pulses in order to increase the received SNR. Many radar
systems with these characteristics have been used in the state-of-the-art
[24,57,58,59,60,61,68,69,77,78]. In this thesis’ research, it was observed that the PN-UWB P410
radar (Fig. 2.1) produced by the Time Domain company, Huntsville, USA, guarantees the radar
system requirements in center frequency, bandwidth, human chest displacement detection, and
received SNR. The PN-UWB P410 radar system is described in details in Appendix C.

Figure 2.1 P410 UWB impulse radar [79].
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2.6 Data Collection

Table 2.4 summarizes the main specifications and the key performance parameters of P410 radar
[79]. While operating the radar, the time of starting and ending scans was set. The P410 radar
receives the reflected waveform in range-bins. Each rang-bin is 1.907 ps. The time difference
between starting and ending scan (scan time) must be an integer number of range-bins. The
Monostatic-Radar-Module (MRM) produces a radar scan using several samplers acting in
parallel as a rake receiver. Because of this architecture, the scan time must be in even multiples
of 5859.36 ps. This value is called quanta. If the user requests a fraction number of the quanta,
the scan stop will be rounded to the nearest quanta integer value. The rack receiver scans one
quantum in 0.792 ps. The radar will collect the scans continuously or in a specified number of
scans.

Table 2.4 The main specifications and the key performance parameters of P410 radar [79].

Specification Value

Power:

Maximum Power Consumption 3.9 Watts

User Interfaces/Devices:

Standard PC/Laptop Interface USB 2.0A Client — Micro-B connector

RF Characteristics:

Operating Band 3.1 GHz t0 5.3 GHz
Center Frequency 4.3 GHz
Transmit power (Adjustability range) Standard: (-31.6 to -12.64 dBm)
(-14.5 dBm is FCC Part 15) High power: (-14.5 to 0.7 dBm)
Antenna Ports A&B Standard 50 Ohm SMA coaxial connector

Ranging Performance:

Pulsed Two-Way Time-of-Flight (TW-TOF),
Ranging techniques
Coarse Range Estimation (CRE)

The amplitude received in the range-bins in each scan is collected using an Excel file, in
the horizontal direction, and the scans are collected in the vertical direction. The number of
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scans is 3000 and the time of each scan is 20 mseconds The time of each scan can be determined
from the following formula:

Scan time (us) = ng x 0.792 x 2P (2.3)

where n, is the number of quanta in a scan, and PlI is the Pulse Integration Index. The
P11 was set to equal 12. This increases the SNR of the received signal by 36.12 dB. Also, the
number of quanta was set to 5 to in order to have a maximum range of 4.38m. The scan time was
16.22ms. The time interval between each scan was set to 3.78 ms to keep the scans from
overlapping. The total scan time is equal to the number of scans multiplied by the time of a full
scan which is equal to 3000 x 20 msec =1 min. Figure 2.2 shows how the P410 UWB collected
the data in a data matrix X. The yellow cells are the range-bins in the fast time direction, the slow
time direction represents the scans direction, and the orange spaces illustrate the time interval
between each scan.

Time Domain Company introduces P410 Radar with Monostatic Radar Module
Reconfiguration and Evaluation Tool (MRM RET). If MRM RET is not connected to the MRM
Server, then the reflected waveform (range profile) can be saved in data file without any pre-
processing. If MRM RET is connected to the MRM Server, then it is possible to select the type
of filters to be employed and the selected filter data streams can be displayed in the Scan Tab or
logging to a .csv file. In all of the measurements the MRM service was turned off. The raw scan
data was collected, and then, the method of detection was applied. The data was collected in a
.csv file and a MATLAB was used to code and simulate our algorithm.

Fast Time (1.907 ps)

Range bin Range = 4.38 m g
- 1.907ps | 1.907 ps l ‘ { l | | 1.907 ps 20ms
; (20-16.22) ms
> f | I N R
; g (20-16.22) ms
= = | - 1 [ [ [ |
% é (20-16.22) ms
= | L 1 1 [ [ |
¥ (CDQ (20-16.22) ms

Figure 2.2 P410 data collection.
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Chapter 3
State-of-the-Art in Human Breathing Detection Signal Processing

3.1 Introduction

In Chapter two, a comparison was made between different UWB radar systems and it was
observed that the PN-UWB radar is suitable in human breathing rate estimation from behind
obstacles. Also, problems that have to be solved in human breathing detection behind obstacles
were noted and a review was given on the state-of-the-art in solving these problems.

In this Chapter focus is solely on signal processing algorithms developed to solve these
problems. The state-of-the-art in signal processing, shortcomings of the state-of-the-art, and the
reasons for using the proposed methods for each block in Fig. 3.1, are presented.

3.2 Human Detection and Breathing Rate Estimation System

In this section, this research’s detection and breathing rate estimation system block
diagram is provided. The reason for presenting the block diagram is to identify the main signal
processing parts. Also, the background for some different algorithms that are available in the-
state-of-the-art is presented. In the following sections, a review of common algorithms for each
part is described.

The detection and breathing rate estimation system consists of five main parts which are:
pre-processing algorithm, clutter suppression, range estimation and multi-targets discrimination,
breathing rate estimation, and posture estimation. Figure 3.1 is a block diagram of the specific
detection and breathing rate estimation system. The collected data is filtered in slow time and
fast time direction by applying the cleaning algorithm. The output of the cleaning algorithm is
applied to the clutter suppression method. After pre-processing and clutter suppression, the range
estimation and multi-target discrimination algorithm is applied to detect targets and estimate the
range. The output of the cleaning algorithm in a range-bin containing a target is applied to the
breathing rate and posture estimation algorithms. The algorithms will be discussed in Chapters
four, five, and six.

I Scans Matrix |

4

Pre-processing

i

I Clutter Suppression I

1

Range Estimation & Multi-targets
Discrimination

A 4 h

Breathing Rate

Posture Estimation . .
Estimation

Figure 3.1 General block diagram of target detection and breathing rate estimation algorithms.
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3.2.1 Clutter Suppression

Although clutter and unwanted frequencies have been removed from the data matrix X by
applying the pre-processing algorithm, it has been recognized experimentally that the breathing
signal in the slow time direction still has a part of the energy of the clutter and AWGN that need
to be removed [26]. Range gating has been used to eliminate clutter and noise reflections [74].
However, clutter range information may not be known and range gating may not be precise in all
scenarios. SVD has been used to suppress the residual clutter and noise from the human
breathing signal received in UWB radars [24,26,75]. The SVD is applied to the Discrete Fourier
Transform (DFT) of the data matrix after applying the pre-processing algorithm. In [24], the
human breathing detection has been done by applying SVD to the DFT of the data matrix,
removing the first singular value, finding inverse SVD, and looking for the presence of the
human breathing by visual inspection of the plot of the DFT magnitude against the frequency
axis. If a high intensity has been observed in the human breathing rate range, a target is detected
at that range [24]. In [15], a non-linear threshold has been used to detect human breathing and
the threshold value depended only on the distance between the radar and the target. In [26],
Nezirovi¢, in his PhD thesis, developed the Respiratory Movement Detection (RMD) algorithm
which is proposed in [46] to detect human breathing. Nezirovi¢ published his work in
[10,11,23,80]. Figure 3.2 shows the flow chart detailing the steps in the developed RMD
algorithm [26]. The algorithm can be divided in four main steps:

- Stationary clutter suppression.

- Filtering in fast time direction.

- Applying DFT and using SVD to remove residual clutter and noise.

- Applying a threshold to decide which singular value contains the target information.

Data Acquisition

|

Stationary Clutter Suppression

{

Filtering in Fast Time Direction

}

DFT and Windowing

{

SVD

!

Thresholding on Absolute Value

|

Detection Decision

Figure 3.2 The developed RMD algorithm presented in [26].

The assumption is that the waveforms reflected from clutter and targets are collected in a
data matrix X like that is shown in Fig. 2.2 with number of scans M and number of range-bins N.
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In the first step, Nezirovi¢ applied the Linear Trend Subtraction (LTS) method to remove the
stationary clutter. After the stationary clutter suppression, a Finite Impulse Response (FIR) was
applied to every range profile to remove the high frequencies in the fast time direction and the
output of the filtering process at the range-bin n in the fast time direction and the time index m
in the slow time dimension will be ¥,7s(m,n) where [~ ] denotes the filtered data matrix and
Y.rs is the output of the LTS method. After filtering, the DFT is applied to the slow time
dimension and a window in the human breathing frequency range is applied to filter out the
frequencies out of the band of the human breathing range. Nezirovi¢ assumed that the human
breathing frequency may appear in M* — m* + 1 number of DFT points of the signal in the slow
time dimension.

The human breathing frequency range is from m* frequency bin to M* frequency bin
where, m* and M*are the lowest and highest frequency bins of the human breathing frequency
range for the DFT of the breathing signal, respectively. A M* —m* + 1-sized rectangular
window was applied in the frequency domain and the output can be presented as:

Y¥.(v,n) =W(,n) X DFT{Y,;s(v,n)}, v={m ' m +1,..,.M* —1,M*} (3.1)

where, Y)..(v,n) is the windowed DFT of the filtered data matrix ¥,rs(v,n) and
W(v,n) is the M* —m* + 1-sized rectangular window. SVD is applied to remove clutter and
noise in Y., where Y. is a matrix has M* — m* + 1 rows and N columns. Equation 3.2 is the
decomposition of matrix Y%, to the orthonormal basis for the slow time vectors U, the
orthonormal basis for the fast time vectors V, and the singular values matrix S using SVD.

Vi, = S USVT (32)

where j € {1,...,N}, S; is a matrix have the same size as S and all elements are zero
except S(j,j).The majority of the energy from the human breathing signal is expected to be in
one singular component in the matrix S. The singular matrix, or decision matrix, can be
presented by:

Vibr, = USVT (3.3)

The critical part in the algorithm is the threshold-based detection and classification. In
[24], Singh assumed that the clutter information would be in the first singular value. The
breathing detection is performed by applying SVD to the matrix Y}% , removing the first
singular value in matrix S, inverting SVD, and detecting the target by visual inspection.
However, the research for this thesis found that experimentally the clutter may extend to the
second, third, fourth, or fifth singular value. Also observed experimentally was a high number of
false alarms by using the algorithm proposed in [24]. In [75], Tivive concluded his work to the
same result; the target information is not always in the second singular vector of a B-scan matrix.
In [14], Zhang divided the signal in the fast time direction into 22 time segments and determined
the STFT of the signal in each range-bin. Then he applied a threshold decision based on the
power of the spectral peak in a specific segment and the mean power in all segments to detect the
human breathing. However, he did not use the SVD and the residual clutter and noise in the data
matrix may block the human breathing detection. SVD technique resulted in a high performance
for human breathing detection behind walls [24,26,75]. However, deciding which singular value
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contains the target information is the key for success or failure of the detection algorithm.
Nezirovi¢ applied a constant false alarm threshold on each decision matrix. The threshold value
can be determined using the following equation [26]:

2109(-L%)
]/j = — ]#A{I* (34)
where y; is the threshold value assigned for the jt" decision matrix, Aj is the jt™ singular value,
Py is the false alarm probability value, N is the number of samples per range profile, and J is
the number of the singular values. The assumptions are the following: there is one target that
stands behind a wall or is buried under rubble, immobile, resting in horizontal position, and
breathe normally. Nezirovi¢ assumed working in an environment that introduces some sort of
control on the non-stationary clutter sources which means there is no object in the area of the
experiment except the subject under test. In some scenarios, the magnitude of the clutter in the
windowed data matrix Y% may exceed the magnitude of the human breathing signal and false
alarms may be detected. Sometimes, the maximum magnitude in a decision matrix Yg‘{,-Tj exceeds

the threshold y; in the absence of a target. We propose in Chapter 4 a method that does not
require prior knowledge of which principal component contains the target information.

3.2.2 Range Estimation

In the previous section, we discussed target detection using SVD and threshold-based
decision. Once, a target has been detected in a decision matrix D;, the target range-bin n* will be
estimated according to [26]:

n' = arg maxmen!|Yghr (m, arg maxyen{|V3irmm, ) [} (35)

and the range r* will be estimated according to:

" n*tg-C

= e (36)
where, t, is the sampling time in the fast time direction, C is the speed of the light in free space,
and e, is the relative permittivity of the wall materials. The reflections from the human body and
the surrounding objects may contribute instructively or destructively resulting in the maximum
reflected energy to be drifted from the real target position. However, the distribution of the
magnitude squared of the received signal is studied, and the target may be detected in its real
position. If the third moment value of the distribution of the received signal changes abruptly
where the target is, the first point where the electromagnetic wave reflects from the target can be
recognized.

In 1991, neural network classifier was used to discriminate between different probability
distributions of radar return signals [81]. L-band coherent radars had been used to collect the
data. It was found that the degree of deviation for the received signal magnitude distribution
from the Gaussian distribution can be used as a feature in target classification. The skewness and
kurtosis were used as a measure of the Gaussianity for the received waveforms when making
classification decisions. Falconer used Pulsed-Doppler microwave radar working in the UHF
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band to discriminate between human activities and non-stationary targets by studying the
kurtosis of the Doppler [82]. Chest wall motions had high kurtosis values and its statistical
distribution tended to be more exponential than Gaussian [82]. Rayleigh, K-, and Weibull
distribution was proposed for clutter in [83] using X-band radar. Stationary clutter range profile
magnitude squared was presented as a Lognormal, Weibull, or exponential distribution. Non-
stationary clutter or moving targets were presented as a Lognormal, Weibull, Rayleigh or chi-
square distributions in [81,84,85]. Kurtosis was used to remove the foliage swaying and as a
feature to discriminate between non-stationary clutter and targets [84], while higher moments
were used to measure pixel contrast in human behind wall imaging and to reduce the error in
position of the target [76]. Table 3.1 summarizes the different models of clutter and different
types of targets.

Table 3.1 Different models of clutter and different types of targets

Index Reference | Data Input | Modeling Purpose (Ii/lllétéglr Target Model
The Distinguish
. between several Not specified. The skewness
magnitude . . .
major classes of and kurtosis of the received
1 [81] for sequence . RO
radar returns signal were used to distinguish
of radar . i
including weather, between clutter and targets.
returns - .
birds, and aircrafts.
The received Distinguish Normal Exoonential
2 [82] waveform | between clutter and S Xponen
. . distribution distribution
amplitude human breathing
Rayleigh, K-,
and Weibull
Measure matching | distributions.
Raw data for | between the clutter | Clutter PSD
3 [83] the received spectral density is well Not specified
signal and the exponential | approximated
model with the
exponential
model
Distinguish
. between the non- .
4 [84] The received stationary foliage _No_rma_l C_hl—_squgre
energy. distribution distribution
and human
breathing
The squared Chl—s_quare ' Chi-square ,
. . Weibull, .
magnitude Find general Ravleiah Weibull,
5 [85] of the models for clutter yielgn, Rayleigh, and
. and Log-
received and targets Log-normal
normal T
waveform Lo distributions
distributions

In this research, the SVD is applied with a novel method and the skewness of the
amplitude squared of the correlator output is used to discriminate between clutter and human
breathing. The method estimates which singular value contains human breathing information and
accurately estimates the range regardless of the material used in the walls.

25



3.2.3 Multi-Target Discrimination

Multi-target discrimination is affected by clutter, antenna coupling, noise, and the
interference generated from the multipath reflected from the nearest target to the antenna [32]. In
security applications and rescue operations, it is desirable to discriminate between multiple
targets separated with a distance less than 1m [32]. Zahang introduced a method to discriminate
between multiple targets using PN-UWB radar. He used the STFT and non-linear threshold
method to discriminate between two targets [15]. However, the nonlinear threshold value
depends only on the distance and many false alarms may be detected [15]. Li proposed a method
to discriminate between two targets using DFT and S transform [13]. However, he discriminated
between multiple targets by visual inspections. Clutter and antenna coupling may block the
discrimination between multiple targets in some scenarios. Also, the signal reflected from the
first target may reflect from another obstacle and arrive at the same time as the signal reflected
from the second target to the receiving antenna. The reflected signal from the second target will
be composed of the two signals reflected form the first and the second target. To detect the
second target, we have to remove the signal of the first one. The clutter suppression and the
removal of the nearest target to the antenna interference were not addressed in [13] and [15].

In 2012, Li proposed a method to discriminate between two targets standing in free space
and behind an obstacle. He used an IR-UWB radar system transmitting pulses with peak power
equal to 5W [32]. First he applied a LPF to each range profile for smoothing and removing
AWGN. Second, in order to remove the clutter, he subtracted the mean from every range profile.
Then he applied lowpass FIR filter to the slow time direction to remove the high frequencies
from the band of the human breathing frequency band. The output of these three steps is a matrix
W = (w; wy ........wy ) Where, w; is the received signal along the slow time direction and M is
the number of the vectors in the slow time direction. The power spectrum of the received signal
in each vector w; can be determined by calculating the variance of this vector. The maximum
variance value refers to the range-bin which contains a target. The magnitude of the power
spectrum around 1m is taken as the threshold to detect a target in range-bins beyond the 1m
range. However, the antenna coupling effect may make the threshold value high in a way that the
target power spectrum value may fall under the threshold. Li used an adaptive method to detect
and discriminate between the two targets. The additive cancelation method is used here to
remove the interference of the first target in the range-bins behind the target’s range-bin. Figure
3.3 is the block diagram of the additive cancellation method used in [32]. Assume that x(n) =
d(n) + A-u(n) , where x(n) is the primary input which contains the second target breathing
signal and the interference, d(n) is the required signal, A is the amplitude of the interference,
and u(n)is the normalized interference. Also, the reference input y(n) which contains the
interference (the first target breathing signal) is presented as amplitude B multiplied with the
normalized interface.

y(n) = B.u(n) (3.7
The reference input of the additive cancellation, which is here the breathing signal for

the first target, is used to remove the interference from the signal x(n) by using the means of the
LSE algorithm.
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Figure 3.3 Additive cancellation method [32].

x(n) = L5 @;(n) y(n—1) (3.8)
e(n) = x(n) —x(n) (3.9)
oin+1) =o;(n) +uu(n —i)e(n),i=0,1,..,N—1 (3.10)

where N is the order of the filter, u is the step size parameter, and @;(n) is the tap weight [32].
The algorithm succeeded in discriminating between two targets separated 0.4 m in free space.
However, it failed in discriminating between two targets separated less than 0.6 m and standing
behind a 24 cm thick brick wall. In this research, a novel method is proposed that can be used to
discriminate between two targets separated by 0.3m and standing behind a 20 cm gypsum wall.
Although the algorithm in [32] can remove the interference generated from the first target, the
algorithm has two drawbacks. First, the mean subtraction method is not enough to remove clutter
and noise. It is suggested the SVD technique be used to remove the residual clutter and noise.
Second, the method depends on the accuracy of estimating the first target range-bin. An option is
to use proposed SVD combined with the skewness method to estimate the first target range-bin.
This research’s proposed method can be used separately to discriminate between multiple targets
or can be used to enhance the performance of the algorithm suggested in [32] by estimating the
accurate first target’s position. If the first target position is estimated in its real position, the
signal in this range-bin can be used as a reference to remove the interference generated from the
first target.

3.2.4 Breathing Rate Estimation

DFT and STFT have been used to detect the human breathing in a specific range-bin
[12,13,24,33] and to estimate the human breathing rate using UWB radars [35,86,87]. Recently,
many FFT-based estimators detected the breathing on the basis of the spectrum analysis of the
breathing signal [36,37,38]. Extraction of non-stationary physiological signal in noisy
environment is problematic. It is necessary to analyze individual events (human breaths) from
the point of view of the time intervals between each breath constraint by inspecting the time
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interval between each breath in time domain. In general, the existing technology does not take
into account the physiological properties of individual breath pulses. In 2011, Rosenbury
invented a handheld instrument capable of measuring breathing and heartbeat motion at a
distance [38]. He used filters and spectrum analysis to remove noise and detect the breathing
frequency. However, properties of human breathing signals were not taken into account. In 2013,
Mohamadi introduced an invention on determination of hostile individuals armed with weapon,
using respiration and heartbeat as well as spectral analysis at 60 GHz. A number of radar units
were configured to provide scan data samples to a network. The algorithm relies on frequency
analysis and uses the DFT of the received signal in the slow time dimension to estimate the
breathing rate. The individual features of reflected signal, e.g. duration between breaths pulses
were not taken into account for noise discrimination [88]. Wiesner invented a method and a
system for detecting vital signs of living bodies [89]. This method relies on the frequency
analysis (DFT) analysis.

The large-scale displacements of the human body while breathing have a frequency
spectrum that overlaps with the human breathing frequency range. Also, in some scenarios, the
magnitude of the second harmonic of the breathing signal may have a magnitude higher than the
first one. For accurate breathing rate estimation, the effect of the human body large-scale
displacements needs to be reduced and the first human breathing harmonic must be kept while
removing the other breathing harmonics. In [90], the human body breathing rate has been
estimated using body worn UWB radar where the transmitter and the receiver is placed very
close to the human wall chest. Maximizing the periodogram has been used to estimate the
breathing frequency. A downside of the periodogram method is its limited capability to capture
the respiration dynamics [91].

Baboli used a wavelet algorithm for estimating breathing rate using UWB radar [27]. The
method estimates the range-bin that contains the maximum energy in the human breathing rate
and applies DFT to the signal in that range-bin. Human body large-scale displacements and the
breathing harmonics frequency range overlap with the human breathing range and the incorrect
magnitude peak may be chosen as the estimated breathing rate using DFT. The human body
displacements and breathing harmonics should be considered while using wavelets in human
breathing rate estimation application.

Narayanan discriminated between the movements behind the wall of the human chest and
the arm or the wrist using a Doppler radar system with Empirical Mode Decomposition (EMD)
followed by the Hilbert spectrum [34]. Many Intrinsic Mode Functions (IMFs) will have a
frequency spectrum in the range of the human breathing frequency range and it is difficult to
decide which of these IMFs is related to the human breathing activity.

Lazaro proposed techniques for clutter suppression in the presence of body movements
during the detection of breathing activity through UWB radars [29]. The movements of the
human body are detected by computing standard deviation of the signal amplitude in a 4 seconds
moving window. If the standard deviation is higher than a threshold, it is considered to be human
body movements and is not considered in the breathing rate estimation. For breathing rate
estimation, the Lomb periodogram has been used to estimate the rate. Lazaro observed that
sometimes the second harmonic is higher than the first harmonic which makes the estimation of
the breathing rate difficult in some scenarios [29].

Li proposed two methods to reduce the effect of the human body large-scale
displacements [30]. Li used the moving average filter and the ellipse fitting methods to track the
mean of the signal in a sliding time window. Subtracting the mean from the breathing signal will
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reduce the effect of the non-breathing displacements. However, these methods are sensitive to
the time window size.

In the following, three estimators in the application of human breathing rate estimation
are studied in both free space and behind the walls.

3.2.4.1 FFT-Based MLE Estimation

The Maximum Likelihood (ML) frequency estimator of the observed signal y(t,t) will
be [92]:
fur = argmax |Y(f, )| (3.11)

fEF

where, F € [0,), Y(f,1)= szy(t,r)e‘fz”ftdt. Usually, the FFT is used to compute
|Y(f,7)| using Q number of FFT points and then using Eq. 3.13 to find the point g that has a
maximum magnitude value where, ¢ =0,1,2...,Q — 1. The estimation of the breathing
frequency £, will be equal to QLTS, where T is the sampling time in the slow time direction.

3.2.4.2 Mean Tracking of the Human Breathing Signal

Li found that the large-scale movements of the human body while breathing may also
have a significant effect on the human breathing estimation process [30]. Narayanan
discriminated between the breathing and wrist movements using the Empirical Mode
Decomposition (EMD) [90]. He assumed that the breathing signal was a sine wave signal and
based on that assumption, the IMF related to the breathing signal can be defined.

The MLE method proposed in Section 3.2.4.1 may be used to assign the Intrinsic Mode
Function (IMF) that contains the breathing frequency. In summary, to estimate the human
breathing rate accurately using EMD technique, a method to assign which IMF contains the
breathing frequency is required.

The effect of the large-scale body displacements can be reduced by subtracting the mean
from the target reflected signal. Moving average filter and ellipse fitting methods were used to
reduce the effect of the large-scale displacements to estimate the breathing rate [30]. The moving
average filter method computes the mean of the breathing signal in a time window and subtracts
the mean from this signal. In the ellipse fitting method, the breathing signal is represented in a
cluster of two dimensional data. The two dimensional data was obtained by using a self-delayed
version of the target reflected signal. This method used a low degree of a freedom ellipse model
to fit the two dimensional data. An attempt was made to track the mean of the signal by using
this method. After that, the mean is subtracted from the breathing signal [30]. A drawback of
these methods is that the performance of human breathing rate estimation depends on the time
window size used in the mean tracking algorithms. The best noted performance was when the
window size was equal to the time interval of one breath. However, ellipse fitting algorithm has
shown a better performance in different time windows [30].

To study the performance of the methods in Sections 3.2.4.1 and this Section in human
breathing rate estimation behind walls, 18 measurements were collected from a human breathing
normally at a breathing rate of 18 breaths/min. The target was standing, sitting, and lying down
1.5 m away from the radar and behind a 20 cm thick gypsum wall at different angles (0, 30, 60,
90, 135, 180 degrees) relative to the transmitter and receiver antenna plane. The pre-processing
algorithm presented in Chapter four was applied and the proposed range-bin estimation based on
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SVD was applied along with the skewness method. Finally, the FFT-MLE, moving average, and
ellipse fitting methods were applied to the correlator output at the estimated range-bin. The
moving average and ellipse fitting methods were applied to a window length of the correlator
output equal to 1.5 seconds and the total observation time of the signal was 40 seconds. A
comparison was made between the mean absolute errors of the estimated breathing rate using the
three methods.

Figure 3.4 (a) and (b) represent the mean absolute error and the variance of the absolute
error of the estimated breathing rate of a human breathing with a breathing rate of18 breaths/min
behind a 20cm gypsum wall using the FFT-based estimator, moving average method, and ellipse
fitting method, respectively.
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Figure 3.4 (a) The mean absolute error (b) the variance of the absolute error of the human breathing rate estimate by

using the FFT, ellipse fitting (EF), and moving average (MA) methods in an office environment and behind 20 cm
gypsum wall.

In this research, we proposed a method that combines zero-crossing technique with an
adjustable BPF to reduce the effect of the human breathing harmonics. The method is simple, has
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high performance in a short observation time (20 seconds or less), and provides high estimation
accuracy with low computational complexity. As can be determined at this time, no previous
researchers have used the zero-crossing technique in this application, with physiological
boundaries combined with an adjustable BPF.

3.2.5 Posture Estimation

Human posture estimation is very important especially in monitoring elderly people in
home care applications. Dwelly invented a Biometric radar system and method for identifying
persons and positional states of persons [39]. In this patent, the human posture is estimated using
a neural network. Osterwell invented a method to detect fallen people using UWB radars with
steerable directional receive antenna by inspecting the distance of the torso from the floor [40].
The inventor uses multiple receivers and one transmitter or two transmitters and one receiver to
locate the subject. Also, many radars are fixed in different locations in the room to estimate the
distance of the torso from the floor.

In the literature, the signal reflected due the chest movement is often assumed to be
sinusoidal [34,93,94], and as such is used for detecting and estimating breathing rates. In [80],
human detection using movements due to breathing was investigated using periodic movements
of the chest and it was concluded that movement was proportional to an absolute value of a
sinusoidal signal whose frequency was the breathing frequency. Interestingly, in [48], the
observation of the breathing rate of a number of humans indicated that the displacements of the
abdomen are larger than the displacements of the chest. Based on this observation, the
mathematical model presented in [95] has been adapted along with the two cylinder models
presented in [96] and observations on the displacements of the chest and the abdomen are
recorded.

In this thesis, the ratio between human breathing harmonic magnitudes is used as a feature
to estimate the human posture. Again, to the best of our knowledge, nobody has previously
utilized the ratio between the breathing harmonic magnitudes in posture estimation.
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Chapter 4
Clutter Reduction and Target Detection

4.1 Introduction

The objective of this Chapter is to present the first three main blocks of the general block
diagram of target detection and breathing rate estimation algorithms as presented in Fig 3.1.
These include: preprocessing, clutter suppression, and range estimation and multi-target
discrimination. The first three steps are addressed using a single algorithm based on SVD. The
decision to apply SVD in this situation was based on the promising results from the literature, as
discussed in Chapter 3, when SVD is applied to remove the clutter and the noise. However, the
problem with SVD is that the principal component which contains the target information may be
unknown. It was observed that the target information is not only in the second principal
component, as claimed in the literature [24] but may be found in the few first principal
components as well. When the incorrect principal component is picked up, clutter may be
detected as a target. This problem can be solved by using a method to detect if this principal
component contains target information or not. It was observed that reflections from multiple
targets can be distinguished by removing the principal components one after the other. The novel
idea here is that detection of a target in a particular range-bin is used to detect the range and
distinguish between two targets. A target was detected by studying the skewness of the square of
the signal obtained from the correlator output. If the skewness value dropped under a threshold
line, a target was detected. Several traditional preprocessing algorithms were applied prior to
SVD and skewness test. To summarize, this Chapter will focus on subject detection, determine
the range of the subjects, and distinguish between two subjects. Figure 4.1 is the main block
diagram for the range estimation and multiple target discrimination algorithms which are
presented in this Chapter.

Data Acquisition

)

Pre-processing

¥

Clutter Suppression and Discrimination
between Clutter and Human Targets

¥

Range Estimation for Multi-target
Discrimination

)

Range & Number of Targets

Figure 4.1 Range estimation and multiple target discrimination block diagram.
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4.2 SVD in Clutter Suppression

SVD decomposes the data to orthogonal sets with different variances. If the projections
that contain almost all clutter and noise are known, they can be removed and the inverse
transform can be used to represent the data again without clutter and noise. The data matrix can
be presented as multiplication of three matrices. One of these matrices is a diagonal matrix with
variances ordered from the higher to the lower value. These values are called principal
components. If the SNR of the received signal is more than one, the reflections from the target
will be strong and the data of interest is expected to be in the first few components. As a result
the noise is expected to be in the remaining components [97]. SVD has been used as a noise
reduction method in speech processing [98], image processing [99], radar target recognition
[100], and human detection behind walls [24,26,25,101].

In human detection behind walls, the first components always contain clutter because the
amplitude of the received signals reflected from clutter is higher than the signal reflected from
human targets. On the other hand, noise still exists in the last components that the target
information could be found in the middle components. Assume that we have recorded M scans,
where M is the number of scans in slow time direction. Each scan has a data vector of length N,
where N is the number of points in fast time. The radar scans can be presented as M number of
sources which have N samples of data. If the scans are recorded in a matrix

X e ¢M><N
If M > N, then the SVD of X can be presented as

X =UsvT (4.1)

where, S = (%: ), S eCMN ye ™M yedN ytu=1,vVTv =1

X = U(% wr (4.2)
04 eee 0
where, ZZ( oo ) 0,=20,=2>0y=0,andZisa (M — N) X N zero matrix.
0 e Oy

If M < N, then the SVD of X can be presented as
X=UQXZ)VT, ZisaM x (N — M) zero matrix. (4.3)
where, X is the data matrix, the matrix U is called a left singular vector matrix and forms
orthonormal basis for the slow time vectors, V is called a right singular vector matrix and forms

orthonormal basis for the range profile vectors, and the scalars o, , where m € {1, ..., N}, are
called singular values or principal components, M is the number of scans, and N is the number
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of range-bins [102]. If the data matrix is M x N elements, then the total singular values is
min{M, N}.

SVD is used to identify and order the dimensions along which data points exhibit the
most variation. The majority of energy reflected from human targets is expected to be in a
number of singular matrices. Every singular matrix, or decision matrix, can be presented by:

where D € ¢"*N | j € {1,...,N}, S; is a matrix that has the same size as S and all elements are
zero except S(j, j).
The data matrix can be presented as

X:D1+D2++DN = U51VT+U52VT++USNVT (45)
Equation 4.5 can be rewritten as [24]
X = Xcutter T+ Xtargets + Xnoise = g:l USaVT + ZlEj:l USbVT + Zg=1 USCVT (4.6)

where, A, B, and C are the principal components number that contain clutter, target, and
noise information, respectively. If singular values that contain clutter and noise data are known,
clutter and noise can be suppressed by eliminating these singular values. Then the data matrix
can be reconstructed using inverse transformation of the SVD. Using this method, an effort is
made to use SVD as a filter to eliminate the effect of clutter and noise. For human detection, an
informed estimation should be made as to which singular value should be omitted. In [24], Singh
assumed that the clutter data will be in the first singular value. However, Nezirovi¢, in his PhD
thesis found that the target data may appear in the third singular value using a threshold decision
[26].

The research will investigate which components contain target information, how to use
SVD in clutter and noise suppression, what statistical approach should be used to detect a
moving target, and how SVD can be used to discriminate between targets.

4.3 Pre-processing

Before applying the SVD method, the data is filtered in the slow time (scans) direction
and the fast time (range-profile) direction from the unwanted frequency. The unwanted
frequencies in slow time direction are the frequencies out of the breathing frequency band, and
the unwanted frequencies in the fast time direction are the frequencies out of the transmitted
signal frequency band.

The signal pre-processing algorithm prepares the data to be studied using SVD. Figure
4.2 shows the data pre-processing algorithm. The first step, a Butterworth IR 16™ order BPF,
with transition band 3.1-5.3 GHz is applied to filter frequencies that are out of the transmitter
frequency band and which may distort the received range profile signal. Butterworth filter is
used because it has a maximally flat magnitude response in the passband. Figure 4.3 shows the
filter’s magnitude response.

In the second step, the following simple highpass filter is applied in each range-bin to
eliminate the effect of clutter:
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Figure 4.2 The data pre-processing algorithm.
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where Yypr(m) is the output of the highpass filter, X(m) is the amplitude of the range
profile in the slow time direction, and m € {1, ..., M}. The filter has a zero at a frequency equal
to zero. This simple filter can eliminate stationary clutter. Remaining clutter is removed by using
the statistical clutter removal method. In the following, the SVD method is used to remove
clutter which has not been removed using the highpass filter. Finally, a 6™ order IR Butterworth
filter with transition width 0.1-1 Hz is used to restrict the analysis to the breathing frequency
band. The Butterworth filter is used so as to have a flat magnitude response in the passband. The
filter guarantees attenuation in the signal more than -50 dB beyond 5 Hz.
The Z transform of the transfer function of the BPF is:

0.162-0.486Z72+0.486Z"%-0.1622"°
(4.8)

Hgp(Z) = 1073 x
BP( ) 1-5.7964Z71+13.8769Z2-17.8119Z273+12.8681Z~*4—4.9612Z75+0.7975Z°

After that, SVD is applied to the output of the data pre-processing algorithm.

4.4 Distinction Between Clutter and Human Targets

This research involved using the SVD method to estimate which range-bin may contain a
target. SVD is not enough to estimate which range-bin contains a target because a range-bin may
have a maximum power value resulting from a clutter. Another method to estimate which
decision matrix D; contains the human target information is needed.

In an effort to detect the presence of the target in any range-bin, skewness is used as the
decision statistics. Since the distribution of the signal’s energy received at the radar,
corresponding to clutter, is different from that of the target, its skewness changes. This forms the
basis of using skewness as a decision metric in this thesis. In Chapter three, a literature review
was given on using the higher order moments of distribution of radar returns in an effort to
discriminate between targets and clutter. In this section, the skewness method is introduced to
examine if this range-bin has a target or not. This statistical approach relies on studying the
distribution of square of the range profile amplitude in a range-bin in a large number of scans.
Figure 4.4 shows how the amplitude of the reflected range profile changes when a target in a
specific range-bin is breathing. The Target is in the range-bin B and when the target breathes, the
maximum amplitude of the range profile changes in the three range-bins A, B, and C. In this
method, the distribution of the range profile amplitude squared is studied after applying the pre-
processing data algorithm.

This method illustrated that the distribution of square of the range profile amplitude when
there is no target has a longer tail than that when a target exists. This is because the high signal
amplitude reflected from the clutter is rapidly attenuated by the BPF. The distribution of the
clutter was tested in 46 different environment experiments. All results show that the distribution
of the amplitude squared after applying our data pre-processing algorithm has a longer tail than
that when a target exists. The Weibull distribution has been introduced as an empirical fit to
many measured target and clutter distributions [85,103].
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The probability distribution function of the magnitude squared of the output of the
correlator x can be presented as:

PG =5 (e x>0 @9

where, k > 0 is the shape parameter and A > 0 is the scale parameter. The shape parameter is
related to the skewness of the distribution. The skewness of the distribution is inversely
proportional to the parameter k.

4.4.1 Fitting Clutter and Target Distributions to Weibull Distribution

In this research, a study was made of the distribution of the magnitude square of the
output of the correlator in the UWB radar receiver. Goodness-Of-Fit (G-O-F) techniques were
introduced in [104]. In the following test, an examination was made as to whether the target and
the clutter distribution fit to the Weibull distribution or not.

4.4.1.1 Chi-squared test

To test if a random sample xi,x,,...x;,...x, has a distribution function F(x), the
approach proposed by Pearson [104] was used to partition the random sample range of x;,
where i € {1:n},to cells Ay, Ay, ... Aj, ... Ay, Wherej € {1: M}, then studied the binomial
distribution of the observed number of x;’s in every part A;. The binomial distribution with
parameter n can be presented as [104]:

pi=p(x € 4;) = fA, dF (x) (4.10)

where p(x € Aj) is the probability of x falls in A;. Pearson measured the lack of fit for
the data by measuring the difference between the observed and expected number of
observations of x in every cell 4;. Pearson used the following statistics to test the fit of a
random sample to a specific distribution:
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=1 np;

where, A? is the Pearson chi-squared statistics, M is the number of the cells for the data set, N;
is the number of observations of x;’s in a cell for the data set, and np; is the expected
observations in the same cell [104].

4.4.1.2 Kolmogorov-Smirnov Goodness-Of-Fit test

The Empirical Distribution Function (EDF) of a real set of data has been studied to
measure how much this data fits a specific distribution. If the real data has an unknown
distribution F(x) there may be a desire to measure how much this distribution fits a known
distribution F,(x). The difference in the EDF of both distributions can be used to measure
levels of similarity of two distributions [104].

The statistics that measure the difference between F(x) and F,(x) are called the EDF
statistics [104]. Two statistics are D*, which is equal to the largest vertical difference between
F(x) and F,(x) when E,(x) is greater than F(x), and D~, which is equal to the largest vertical
difference between F(x) and F,(x) when E,(x) is smaller than F (x). Kolmogorov introduced
the most well-known statistic D [104]:

D = max(D*,D7) (4.12)

The Kolmogorov test, also known as Kolmogorov-Smirnov Goodness-Of-Fit (KS G-O-F)
test, can be used to test whether the distribution of the data received in UWB radar has a Weibull
distribution or not. EDF tests for the Weibull distribution have been introduced in [104]. The
EDF of the Weibull distribution is [104]:

F)=1-exp{-O*} 220 (4.13)

The KS G-O-F test can be run for a Weibull distribution or convert the real data
distribution to an extreme value distribution and run the KS G-O-F test for an extreme value
distribution. Let y = —log(x), the distribution for Y becomes [104]:

F(y)=exp [—exp {— %}], -0 <y <o (4.14)

where 8 = 1/k and ¢ = —log( A). The new distribution will be an extreme value distribution if
x belongs to a Weibull distribution. Using the previous 46 measurements that have been used to
perform the chi-squared test, the KS G-O-F test is applied to the raw data vector in a target’s
range-bin and in a clutter’s range-bin in every measurement. The results of the KS G-O-F test
show that the data has Weibull distribution with different shape factors. The shape factor
becomes higher when a target exists in that range-bin.

4.4.1.3 Experimental Verification of the Model

Forty-six measurements were collected from two subjects breathing normally and
standing 3.5 m from UWB radar behind a 20 cm thick gypsum wall. Each measurement has only
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one subject. The chi-squared test in [104] was applied to the magnitude squared of the output for
the correlator in the UWB receiver. The test was applied to the raw data vector in a target’s
range-bin and in a clutter’s range-bin. The raw data distribution was compared to a Weibull
distribution. The clutter distribution passed the chi-squared test in all measurements. The target
distribution passed the chi-squared test in 43 measurements. The other three measurements
passed the test when they were compared to a normal distribution or exponential distribution. In
a clutter range-bin, when we fit the raw data distribution to Weibull distribution to estimate the
distribution parameters, the shape factor of the distribution k£ was from 0.2~0.3. In a target range-
bin, the shape factor k of the Weibull distribution, which is presenting the target distribution in
all the 43 measurements, is approximately equal to one. As a result, the skewness value of the
distribution in a target’s range-bin will be lower than in a clutter’s range-bin.

In the following, we fit the normalized magnitude squared of the output for the correlator
to a Weibull distribution. Figure 4.5 is the CDF of the normalized magnitude squared of the
output for the correlator in the blue line and the CDF of Weibull distribution function in the
dashed red line. These CDFs are at different transmitted power (-16 dBm, -15 dBm, -14 dBm,
and -13 dBm), in a clutter’s range-bin. The CDF of the magnitude squared of the output of the
correlator in a clutter range-bin fits the CDF of the Weibull distributions at different transmitted
power.

Figure 4.6 is the CDF of the normalized magnitude squared of the output for the
correlator in the blue line and the CDF of Weibull distribution function in the dashed red line at
different transmitted power (-16 dBm, -15 dBm, -14 dBm, and -13 dBm), in a target’s range-bin.
The CDF of the magnitude squared of the output for the correlator in a target range-bin fits the
CDF of the Weibull distributions at different transmitted power.

Figure 4.7 shows the skewness value of the magnitude squared of the output for the
correlator at every range-bin when a target is breathing with normal breathing 3.5 m from the
UWAB radar and standing 1.5 m behind a 20 cm gypsum wall. In the figure, it can be observed
that there is no drop in the value of the skewness where the wall exists. The distribution of the
data vector in a clutter range-bin has a Weibull distribution with shape parameter equal to
0.2~0.3. Weibull distribution with a shape factor equal to 0.2~0.3 has a skewness value around 8.
When a target exists in a range-bin, the shape factor k increases and becomes near the value of
one. This decreases the skewness of the Weibull distribution to be less than 3.

In the following, we fit F(y) to an extreme value distribution. Figure 4.8 presents
F(y) using the blue line and the CDF of an extreme value distribution function using the dashed
red line at different transmitted power (-16 dBm, -15 dBm, -14 dBm, and -13 dBm), in a clutter’s
range-bin and the Kolmogorov-Smirnov test statistics D was equal to 0.113, 0.103, 0.113, 0.119,
respectively. Figure 4.9 is F(y) shows using the blue line and the CDF of an extreme value
distribution function using the dashed red line at different transmitted power (-16 dBm, -15 dBm,
-14 dBm, and -13 dBm), in a target’s range-bin and the Kolmogorov-Smirnov test statistics D
was equal to 0.044, 0.032, 0.020, 0.038, respectively.

Examining the Figures 4.5, 4.6, 4.8, and 4.9, and the results of chi-squared test and KS G-
O-F test of 46 measurements it is evident that the distributions of the magnitude squared of the
output of the correlator can be presented as Weibull distribution, except in 3 measurements. The
shape factor of the distribution in a clutter’s range-bin will have a smaller value (0.2~0.3) than
the shape factor in a target’s range-bin (around one). The skewness value of the Weibull
distribution is inversely proportional with the shape factor k. This means the skewness value can
be used to discriminate between clutter and human targets.
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Figure 4.5 CDF of the magnitude squared of the output for the correlator in a clutter range-bin and the CDF of
Weibull distribution function at transmitted power of (a) -16 dBm (b) -15 dBm (c) -14 dBm (d) -13 dBm.
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Figure 4.7 Skewness of the squared value of the extracted human breathing signal where the subject is located 3.5 m
from UWB radar and 1.5 m behind a 20 cm thick gypsum wall.

Skewness of the amplitude squared distribution at every bin across the scans is determined and
the following threshold is calculated:

Threshold = [mean(|y;|) — 0.50] (4.15)

where, y; is the skewness of the correlator output squared in the slow time direction at range-bin
iand i € {1: N}, N is the number of range-bins, and o is the variance of all the skewness values
y; in all range-bins. Equation 4.16 is the target detection decision based on the skewness test.

H

Skewness zo Threshold (4.16)

Hq

where. H, is the null hypothesis when clutter only exists, and H, is the hypothesis when
clutter and echoes from a target exists. Figure 4.10 shows a target standing 3.5m from the radar
and 1.5m from a gypsum wall. The experiment was conducted in a SITE building lab, at the
University of Ottawa, Ottawa, Canada. Figure 4.11 (a), (b), and (c) show the normalized power
of 2000 scans against the range between the radar and the target without applying SVD, the
normalized power of 2000 scans against the range after removing 1% singular value, and the
skewness of 2000 scans against the range without applying SVD. It can be observed that the
skewness value dropped at the target’s range-bin. However, some spikes in the value of the
skewness were observed in a few range-bins. Target reflections appear in a number of
neighboring range-bins. This feature was used to remove these spikes by applying a median filter
of length equal to five samples. Figure 4.11 (d) illustrates the output of the median filter. The
spikes were removed and a clear drop in the value of the skewness happened where the target
existed.

Figure 4.12 shows a target standing behind a concrete wall supported with a thick plastic
layer used to support the walls against earthquakes. This experiment was conducted in the Civil
Engineering Department (CED) structure lab at the University of Ottawa, Ottawa, Canada. The
figure was divided into four sections. Section 1, 2, 3 and 4 show the radar, the concrete wall
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facing the radar, the plastic layer facing the target, and the target, respectively. The target was
standing 3.5 m from the radar and 1.5 m behind a concrete wall.
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Figure 4.8 CDF of the magnitude squared of the output of the correlator in a clutter range-bin and the CDF of
Weibull distribution function at transmitted power of (a) -16 dBm (b) -15 dBm (c) -14 dBm (d) -13 dBm.
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Figure 4.9 CDF of the magnitude squared of the output of the correlator in a target range-bin and the CDF of
Weibull distribution function at transmitted power of (a) -16 dBm (b) -15 dBm (c) -14 dBm (d) -13 dBm.

44



S i
3
= i
=3 i
I , J
E Wall arget
©
£
o
= : Al oAl
1 1.5 2 2.5 3 3.5 4 4.5
Range (m)
(a)
1¢
o 0.8
= |
2 oe | y
ke . | |
S I M
= 04 I
£ |V
g o2 ' G
0O 0.5 1 1.5 2 2.5 3 3.5 4 4.5
Range (m)
(b)
10¢

Skewness
(@] N N (0)] [00]
=
1 B ——
4%
|

(0] 0.5 1 1.5 2 2.5 3 3.5 4 4.5
Range (m)

(©)

10¢

Skewness

o N b O ©
—
—
é

o} 0.5 1 1.5 2 2.5 3 3.5 4 4.5

Range (m)
(d)
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Figure 4.12 A target standing behind a concrete wall supported with plastic layer.

Figure 4.13 (a), (b), (c), and (d) show the normalized power of 2000 scans against range
without SVD suppression, the normalized power of 2000 scans against range after removing 1%
singular value, the skewness of 2000 scans against range without SVD suppression, and the
skewness after applying median filter. The target can be observed in Fig. 4.13 (b) after the first
singular value has been removed, by studying the maximum power. Figure 4.13 (c) shows that
the skewness did not change in the wall range-bin but changed in the target range-bin. Studying
the skewness of a number of scans at every range-bin can be useful for testing if a target exists or
not. It can be concluded that studying the skewness is an easy test to implement, and the results
are not dependent on the wall composition. Many experiments on human breathing detection
behind gypsum and concrete wall were performed. Some other experiments were performed
behind masonry brick wall and wood doors. The proposed method of human detection worked
well with different types of walls.

It is required to decrease the overlap area between the distribution of the amplitude
squared for the output of the correlator in a target’s and clutter range-bin, in order to increase the
probability of detection. Two solutions have been introduced to increase the probability of
detection and decrease the number of false alarms. The first is increasing the SNR of the
received signal. When the SNR is increased, the mean value of the distribution of the amplitude
squared for the received signal in a target’s range-bin will increase and move the two curves
apart. This will decrease the overlapped area and reduce the errors. The second solution is to
reduce the variance of the two curves. This can be done by reducing the noise power [85].

A third solution is introduced to move these curves apart. The skewness method is used
to discriminate between the curves. In this method, it is not necessary to use an adaptive
threshold method. Assigning a threshold that can detect an abrupt change in the skewness value
is sufficient.

4.5 Range Estimation for Multi-Target Discrimination

4.5.1 Range Estimation and Human Target Detection Behind the Wall Based
on Singular Value Decomposition and Skewness Variations

Human target detection behind the wall is based on human body deflections. These
deflections are generally weak and are masked by the reflections from the wall which form the
static clutter; hence, clutter reduction is the first step in detection of a human target using radar
technologies. In [74], range gating was used to eliminate interference and clutter reflections.
However, range gating may not be precise enough to remove clutter and noise. Recently signal
processing techniques such as the SVD, have been applied to clutter and noise removal [24,25].
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Figure 4.13 (a) The normalized power without SVD suppression; (b) the normalized power after 1% singular value
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applying median filter.
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The SVD method works well in both indoor and outdoor environments for clutter
removal. Three different detection techniques were discussed in [24] for various types of walls.
The DFT followed by the clutter reduction method using SVD worked for a gypsum wall, a brick
wall and a wooden door but failed to work for thick concrete walls. In [26], the singular value
pertaining to the target was estimated using a threshold-based decision method and was applied
to detect human breathing inside a 10 cm thick concrete sewer pipe. The proposed work in this
chapter does not focus on breathing rate estimation but on the estimation of the range-bin that
contains a target; hence does not resort to frequency domain techniques.

Although some references show that the clutter information is in the first component or in
the third component of the diagonal matrix S [24,26,25,75], this research illustrated
experimentally that clutter and noise information may extend to the fifth component for the
diagonal matrix S. The components or singular values in the diagonal matrix S are arranged from
higher to lower values, i.e. the maximum singular value will be the element S(1,1) and the
minimum singular value will be the element S(N, N). Figure 4.14 shows the first 40 singular
values from o, to o, in a diagonal matrix S for a target standing 1.5 m from UWB radar and
breathing behind a 20 cm thickness gypsum wall.

Figure 4.15 shows an experiment that explains this research approach. A target was
standing 15m away from the radar in a hall at the University of Ottawa, Ottawa, Canada, and he
was breathing normally. The radar detection maximum range was set to 20 m in this experiment.
The upper Figure shows the energy reflected from clutter and the target. The effect of cross-talk
between the transmitting and receiving antenna appears in the first five meters range. After
applying the SVD, removing the first singular value, and inverse SVD again, the effect of the
cross-talk between the two antennas still existed. The bottom Figure shows many energy peaks
higher than the target’s energy peak at 15 m. This means that the clutter is not only in the first
singular value.

4.5.2 Algorithm for Human Detection and Range Estimation

Figure 4.16 shows the detection algorithm. To detect a target, SVD was applied to the
output of the data pre-processing algorithm. After that, the first singular value was removed and
this should contain clutter information, then perform inverse transform to obtain information
matrix again. The power of the signal in the slow time direction is determined at every range-bin.
The bin b with the maximum power is selected as a potential target and the test statistics based
on skewness are applied. As a result, the following detection decision is made:

If skewness < Threshold, the target is detected. If the test statistics are not satisfied,
absence of a target is reported. This was continued for five iterations. The experimental results
show that no target exists beyond the sixth singular value. However, it may be different in
different detection scenarios. Further experiments were performed to verify the method presented
in this section. The setup of the experiment is shown in Fig. 4.10.

The data matrix using P410 radar was obtained for two normally breathing subjects, each
standing behind a 20 cm thick gypsum wall and at a distance of 3.5m alone from the radar.
Twenty three measurements for each subject were collected. SVD was used to first identify the
range-bin that contained a target, followed by the skewness test to confirm the detection. The
detection decision was made according to Eq. 4.16.

The target was detected 44 times out of 46, leading to missed detection (error type II)
of about 4.35%. False detection (error type I) was zero.
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4.5.3 SVD in Discriminating Between Two Targets

Two targets can be detected by omitting the singular values by order. Each time the matrix
X is inversed transform and the maximum power range-bin is tested. It can be predicted that the
two targets might be seen in the first six components. The maximum power was examined each
time. If the maximum power has been recorded in different range-bins, then there may be
multiple targets. After recording the range-bins that contain the targets, the skewness method is
used to test if these range-bins contain a target or a clutter.
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Figure 4.14 The first 40 singular value when a target is breathing behind a 20 cm thickness gypsum wall and
standing 1.5 m from the radar.

o
0"

o
o

o
'S

o
N

Normalized power

(=]

20

o
N
N
(o]
o9}
'_\
o
=
N
[N
I
'_\
(o]
'_\
[e9]

Range (m)

I

Clutter

[e¢)

e

Target

MAMM st MM s Mw

4 6 8 10 12 14 16 18 20
Range (m)

I
]

Normalized power
© o o o
()]
T

N
1

o
o
N

Figure 4.15 The normalized power in all range-bins of the waveform reflected from a target standing 15 m away
from the UWB radar in free space and breathing normally.
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4.6 Experimental Results

4.6.1 Human Breathing Detection

In this section, a comparison is made between the RMD algorithm proposed in [26] and
presented in Chapter three and the proposed method of this research in the human detection for
three experimental cases. In the first case there is no target. In the second case, an effort is made
to detect a human breathing for 20 seconds and to have stopped breathing for 20 seconds in free
space. In the third case, the goal was to detect a target standing behind a gypsum wall, as shown
in Fig. 4.10. The target wore a breathing belt to validate the breathing rate results. Table 4.1
shows the experiment parameters for the radar and the target.

Case one:

When the developed RMD algorithm was applied, the maximum magnitude values
detected in the rectangular window in the first decision matrices exceeded the assigned threshold
values. A false alarm was detected in the first, second, fourth and fifth decision matrices. These
false alarms were detected at range =~ 0.5 m. When the detection algorithm was used, no target
was detected. Figure 4.17 shows that the skewness was not changed at 0.5 m because there was
no target.
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Table 4.1 Experiment parameters.

Index Parameter Value
1 Transmitted pulse duration 500 ps
2 Pulse repetition interval 1ns
3 Resolution 7.5cm
4 Number of scans 2000
5 Number of range samples 480
6 Sampling frequency in slow time 50 Hz
7 Target breathing rate 20 breaths per minute
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Figure 4.17 The skewness of the matrix X when there is no target.
Case Two:

was detected at 2.29 m.
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The target was breathing 18 breaths per minute and was sitting 2.3m from the radar in free
space. When the developed RMD algorithm was applied, the target was detected at 2.3 m. The
detected breathing rate was 0.2 Hz. Figure 4.18 shows the periodogram of the received signal at
every range-bin after applying the Developed RMD (DRMD) algorithm. The algorithm pertinent
to this research detected 6 breaths in 20 seconds (0.3 Hz) and the stop breathing event. The target
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Figure 4.18 The periodogram of the received signal at every range-bin.

Case Three:

A target was standing behind a gypsum wall as shown in Fig. 4.10 and breathing
normally. Although, the target can be detected using DRMD algorithm, the magnitude in the first
four decision matrices exceeds the threshold values. The estimation of the breathing rate and the
range were difficult because multiple breathing frequencies were detected in multiple ranges.
The algorithm pertinent to this research showed better performance.

In the following, a comparison was made between the performance of the human
breathing detection by the RMD algorithm and the proposed algorithm. The reflected signal was
collected from a human breathing with a breathing rate equal to 18 breaths/min. The subject was
asked to breathe when he/she heard a tone generated by a software program and repeated every
3.33 seconds The experiments were performed in an office environment at the University of
Ottawa, Ottawa, Canada. The reflected signal was recorded while the target was standing, sitting,
and lying down at six different angles 8, 0°, 30°, 60° , 90° ,135°, and 180°, relative to the radar
antenna plane. Eighteen measurements were taken at different postures and different angles.
Another set of measurements was performed while the target was standing, sitting, and lying
down at six different angles 8 while behind a 20 cm thickness gypsum wall.

From Eq. 3.4, the threshold value depends on the singular absolute value A; and Py,.
However, it is hard to predict the suitable Pr, for high detection probability. The DRMD
algorithm proposed in [26] and the proposed detection method of this research were applied to
the eighteen measurements in office environment and behind the wall. The output of the two
algorithms is a decision about the existence of a human target. Figures 4.19 is the Receiver
Operating Characteristics (ROC) curves which show the true positive detection rate versus the
false positive detection rate in free space and behind 20 cm thick gypsum wall, respectively. The
figure shows the area under curve (AUC) in each case. The AUC is higher when the proposed
detection method is used. It can be concluded that the performance of this research method is
better than the performance of the DRMD method in both scenarios: free space and behind walls.

52



AUGC AUC AUC

0.99 08 0.85
. © i %//@/Q
(== /67
0.9
, ¢ |
o

0.8 o &

0.7
[¢]
e
2 06
%
g
° 0.5 ,>/
=]
l_

0.4

0.3 —<— DRMD (office environment)

0.2 — S Proposed method (office environment)

' DRMD (behind wall)
o1 —<— Proposed method (behind wall)

0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1
False positive rate

Figure 4.19 ROC curve of human breathing detection in free space and behind a 20 cm gypsum wall.

4.6.2 Detection of Two Targets

In this section the performance of the proposed algorithms is studied as it relates to
discriminating between two human targets in free space and behind the wall. Figure 4.20 shows
two targets sitting in an anechoic chamber at the University of Ottawa, Ottawa, Canada. One
target is sitting 2.5 m from the radar and the other target is sitting 3.5 m from the radar.

Figure 4.20 Two targets sitting in an anechoic chamber at the University of Ottawa, Ottawa, Canada.

Figure 4.21 (a), (b), and (c) shows the normalized power in all range-bins without using
SVD suppression, after removing the first singular value, and after removing the first and the
second singular values, respectively. After removing the first singular value, the clutter was
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suppressed. The first target can be observed at 2.5 m in Fig. 4.21 (b). After removing the first
and the second singular values, the clutter and the first target information were suppressed. The
second target can be observed at 3.6 m in Figure 4.21 (c). After removing the first, second, and
third singular values, the second target was detected; hence the iteration stopped.

It was observed that the minimum resolution to detect two targets in free space is 20 cm.
Any two targets detected in the range of 20 cm are considered as one target. Figure 4.22 (a)
shows two targets standing 3.5 m and 3.8 m respectively from the P410 UWB radar and behind a
20 cm gypsum wall. Figure 4.22 (b) shows the normalized power against the range before and
after removing the first and second singular values. The maximum peak of power after removing
the first singular value was detected at 3.8m distance from the radar where the first target was
standing. When using the skewness test at that bin, the detection was confirmed. Similarly, after
removing the second singular value, the second target was detected at 3.5 m. Also, the second
target was detected after removing the first three singular values; hence the iteration stopped.
Figure 4.22 (c) is the skewness of the received signal amplitude squared. We can observe a drop
in the skewness value where the two targets are. SVD along with skewness thus can be used to
estimate the range of the targets and discriminate between them. Thus, the algorithm can
discriminate between two targets separated by 30 cm behind a 20 cm thick gypsum wall.
However, the algorithm proposed in [32] and presented in Chapter 3 can discriminate between
two targets separated by more than 60 cm.

The algorithm presented in Fig. 4.17 was applied to discriminate between the two targets.
In every iteration, the power of the signal in the slow time direction is determined at every range-
bin. The bin, b, with the maximum power was selected as a potential target and the test statistics
based on skewness are applied. In addition, the following detection decision is applied:

Case Power Skewness Decision
1 Peak Did not pass the test False alarm
2 Not peak First drop in the skewness Target

value
Pass the test but not the
3 Peak first drop in the skewness Target
value

In case one, a maximum power was detected in b but the distribution does not pass the
skewness test. The maximum power observed in this range-bin is due to antenna coupling,
power reflected from a wall, or generally a stationary object. If a maximium power is observed in
a range-bin which pass the skewness test, then a target exists. In case teo, the first target may
have a reflected energy less than the second target. In this senario, the second target will be
detected first and the first target will be skipped. However, the first drop in the skewness value
happens at the first target. If a first drop in the skewness value is detected, it can be assumed that
this drop is related to the presence of a human target. In case three, the skewness value is tested
for the second target’s range-bin. If the range-bin passed the skewness test, two targets are
detected. The algorithm is applied with the following steps:

- Atarget is detected at first drop in the skweness value.

- Run the SVD detection algorithm in Fig. 4.16 for 5 iterations.
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- Find the range of the targets.

- The bins, by, b,,... with the maximum power were selected as a potential
target and the test statistics based on skewness are applied.
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Figure 4.21 (a) The normalized power without SVD suppression (b) The normalized power after 1% singular value
suppression (c) The normalized power after 2™ singular value suppression.
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Figure 4.22 (a) Two targets standing 0.3 m from each other, 3.5 m from P410 radar behind a gypsum wall; (b)
normalized power vs. range before and after removing the first and second singular values; (c) skewness vs. range
before applying SVD.

The proposed algorithm was applied to discriminate between the two targets breathing
with normal breathing and separated by 1 m, 0.5 m, and 0.3 m. Three experiments were
performed in an anechoic chamber, an office enviroment, and behind a 20 cm gypsum wall, at
the University of Ottawa, Ottawa, Canada. The proposed algorithm was applied to the nine
measurements and two targets were successfully detected in every measurement.

One limitation of the proposed algorithm is when only one target exists, the reflections
from this target may appear in a false range because of the multipath effect. The algorithm was
applied to detect one target breathing normally and standing in an anechoic chamber, an office
enviroment, and behind a 20 cm gypsum wall. Nine measurements were collected in each
experiment. In the case of the anechoic chamber and the office enviroment, one target was
detected in eight measurements and two targets were detected in one measurement. In the case of
behind the wall, one target was detected in six measurements and two targets were detected in
three measurements.

In future work, the proposed algorithm will be used to enhance the performance of the
algorithm presented in [32]. Any interference generated from the first target in the range-bins
behind it will be removed by using the algorithm in [32]. Then this research’s method will be
applied to discriminate between multiple targets.

4.6.3 Stop Breathing Detection

In the following, the algorithm proposed in Fig. 4.16 is applied to detect the event of stop
breathing in a time window equal to 40 seconds. A target was breathing normally with a
breathing rate equal to 0.3 Hz and standing 3.5 m from the radar in an anechoic chamber. The
target was breathing with a normal breathing for 20 seconds and he stopped breathing for 20
seconds. The target was detected at 3.4 m away from the radar. Figure 4.23 (a) is the normalized
correlator output at the estimated range-bin. Attenuation in the amplitude of the signal was
observed when the target stopped breathing. Stop breathing event could not be detected using the
DRMD algorithm proposed in [26] because the DFT is applied to the whole reflected signal.
STFT was applied to the correlator output signal to study the variations in the frequency
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spectrum of the breathing signal in time domain. Figure 4.23 (b) illustrates the STFT of the
same signal using a window time equal to 10 seconds , an overlap ratio equal to 50%, and
utilizing a Hann window in the frequency domain. The stop breathing event can be observed in
the last 20 seconds. However, it was very difficult to estimate the breathing rate. The second
breathing frequency harmonic magnitude was higher than the first one. Later in Chapter five, the
reasons of this error will be discussed. Figure 4.23 (c) illustrates the STFT of the same signal
using a window time equal to 10 seconds , an overlap ratio equal to 50%, and utilizing a Hann
window in the frequency domain after applying the zero-crossing method with breathing pulse
interval constrain. The method is discussed briefly in Chapter five. The stop breathing event was
detected at the same time it happened and a breathing rate equal to the real breathing rate (~0.3
Hz) was estimated. The frequency of the breathing rate was observed at 0.3 Hz in the first 20
seconds in Fig. 4.23 (c).
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Figure 4.23 (a) The reflected signal from a target breathing for 20 seconds and stop breathing for another 20
seconds (b) STFT of the same signal (c) STFT after applying zero-crossing method with breathing pulse interval
constrain.

4.7 Discussion

In this section a summary will be given of the main points regarding developed methods
and algorithms in Chapter 4. The SVD was applied to suppress clutter. A novel method
combining the SVD and the third moment determination of the square of the correlator output in
the slow time direction was used to estimate which principal component contains the target
information. The method was used to detect human targets and estimate the target range. It was
found that if the singular values were replaced by zeros one by one, two targets can be detected
in free space and behind walls.

Important Observations Obtained Experimentally:

1. It was observed that for each range-bin that the shape of the skewness of the distribution of the
amplitudes of the square of the signal changes depending on whether the target is in this range-
bin. The skewness will drop in a range-bin where the target is regardless of whether there is a
wall between the target and the radar.

2. The target is not always related to the second singular value. Deciding which singular value
contains the target information is the critical part in using SVD in clutter suppression. A
combination of the SVD and the skewness test method can be used to estimate which singular
value contains the target information.

3. It was found that if the first several singular values were replaced by zeros, one after the other
the clutter reflections can be reduced; followed by the first target reflections, the second target
reflections, the third target reflections...etc.
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Modeling:

Probability distribution of the signal in a range-bin with and without target was fitted to a
Weibull distribution. It was shown that fitting the probability distribution of square of the signal
reflected from the clutter and human target to Weibull distribution passed the Chi-squared test
and Kolmogorov-Smirnov test. The result of the modeling work is that the two modeling
distributions have significantly different skewness and therefore the skewness can be used as a
reliable decision statistic for detecting target’s range-bin.

Target Range Estimation Based on SVD Combined with the Skewness Test:

The combination of skewness and SVD was used to estimate the target range. It was found that a
drop in the skewness value of square of the correlator output occurs at the range-bin where the
target is located. The target range was estimated by detecting the peak of the maximum power of
the correlator output in the slow time direction. However, the position of the peak may drift from
the real target position because of multipath. Using this method, estimation can be made of the
position of the human body where the radar signals are reflected. This occurs because the first
drop in the skewness value happens at this point.

Comparison Between the Proposed Algorithm and the State-of-the-art RMD Algorithm for
Target Detection in a Specific Range-bin:
The proposed algorithm has the following advantages over the developed RMD algorithm:

- The algorithm can discriminate between multiple targets.

- The algorithm uses SVD combined with the skewness method to reduce the false alarms.

- The algorithm can estimate which singular value contains the target information.

- An assumption is not made neither about a constant false alarm level nor of a specific
singular value related to the target information .

- An adaptive threshold value in the detection decision was not assumed. Only an abrupt
change is detected in the skewness value of the amplitude distribution for the range
profile in all range-bins.

It was observed that at least 20 seconds collected signals in the slow time direction are needed to
detect the target and estimate the breathing rate. Although the observation of a drop in the
skewness value for the correlator output squared is enough to detect a target, the value of the
threshold was assumed to be as presented in Eq. 4.15. This threshold value may differ from one
radar system to another to fit the capability for detecting this drop in the skewness value.

Discrimination Between Two Targets:

The proposed algorithm for detecting single target is applied iteratively. It relies on detecting the
closest target initially based on the skewness position. A drop in the skewness value happens at
the first target range-bin. This allows for detection of the first target that is closer to the radar
even if he/she is breathing shallower than the second target that is further away. After the first
target is detected, the process is continued until the second target is detected starting from the
first iteration. The algorithm starts to search for a second target by applying the single target
detection algorithm iteratively. SVD is applied iteratively to remove the contributions of the
clutter and the first target. When the algorithm for detecting single target is applied iteratively,
the it"singular value is replaced by zeros, where i is the number of iteration. If the range-bin
with the maximum power peak in it" iteration passes the skewness test, a detection of a second
target is recorded.
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This research’s method is applied to distinguish between two targets in free space and behind a
20 cm thick gypsum wall. A distinction could not be made between two targets breathing with
normal breathing and separated by 20 cm and 30 cm in free space and behind walls, respectively.
Stop breathing detection:

The proposed algorithm for single target breathing detection was able to detect a human
breathing for 20 seconds and stop breathing for another 20 seconds The range of the target was
estimated accurately. Breathing rate estimation algorithms can be applied to the breathing signal
at the estimated range-bin. Different breathing rate estimation methods were discussed in
Chapter three. In this research, we use the zero-crossing method combined with breathing pulse
interval constrain to estimate the breathing rate. The stop breathing event was detected and the
breathing rate was estimated in a short time interval (20 seconds ).

Limitations:
The following limitations may prohibit discrimination between multiple targets:

e Distinction between two targets is difficult when the two targets are facing the radar and
standing behind each other. The signal reflected from the second target will be attenuated after
passing through the first target. Also, the two signals reflected from the two targets will
interfere. This makes the discrimination between the two targets very difficult.

e  When the two targets are standing at the same distance from the radar, the distinction between
them becomes very hard. Although the two targets may be standing at different angle from the
radar, the reflected waves may reach the receiver at the same range-bin. However, in this
scenario, multiple receivers can be used to distinguish between multiple targets at the same
range from one receiver.

¢  The waves reflected from a subject may reflect again from any object in the room. This causes a
multipath wave. This wave appears as a shadow of the real target at a distance larger than the
real distance. This shadow needs to be removed to distinguish between multiple targets.
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Chapter 5
Breathing Rate Estimation

5.1 Introduction

In this Chapter, the fourth main block of the proposed algorithm which is the breathing
rate estimation is presented as illustrated in Fig. 3.1. It was observed that two main parts of the
human body move while breathing: the chest and the abdomen. The contribution of the abdomen
movements results in multiple harmonics of the breathing signals. The major source of errors in
the human breathing estimation algorithms originates with the second harmonic magnitude
which may be higher than the first harmonic magnitude in some scenarios [29,30]. The second
harmonic frequency may be detected as the human breathing rate and high errors are expected.

Although many breathing rate estimators have been presented in the state-of-the-art
[36,37,38], none of them addressed the problem of the second harmonic. Two methods,
including the moving average filter method and ellipse fitting method have been used to reduce
the error in the estimated breathing rate [30]. However, it was observed that the error is high in
some measurements [29,30]. The novel idea here is that a moving average sliding window was
applied at the possible breathing frequency with the goal of reducing the second harmonic
magnitude. This approach guaranteed detecting the maximum magnitude of the breathing signal
spectrum at the real breathing rate. Subsequently, a comparison was made between the state-of-
the-art algorithms. As a result, a new method using zero-crossing technique was proposed.

The human lung has a volume range of 4 to 6 litres and the tidal volume is between 500
ml to 800 ml. As a result, the chest wall moves between 10 and 20 mm towards the radar [6].
When a human target is illuminated by an electromagnetic wave, the reflected wave is modulated
by the periodic movement due to breathing. A simple way to track the chest wall movements is
to study the ToA of the amplitude peaks in a range-bin. Interference, the multipath effect, and the
amplitude attenuation in the reflected signal will affect the peak positions and the breathing
Pulse-To-Pulse (PTP) intervals. The breathing on average for newborns rate is 0.62 Hz or 37
breaths per minute. While adults breathe on average 10-14 breaths per minute [105]. The average
adult breathes in and out every 4.2- 6 seconds. If we disregard the PTP intervals that are less than
1.5 seconds and more than 11 seconds, estimation can be made of the average PTPs. Zero-
crossing method can detect the intervals between true peaks by omitting the peaks outside of the
breathing time interval boundaries.

In the approach used in this research, the zero-crossing method was used with one
physiological constraint in order to compute the mean value and the standard deviation of PTPs
in order to readjust the bandwidth of the IR BPF. The physiological constraint included the
repeated breathing pulses every 1~11 seconds. This method can reduce the effect of the breathing
frequency harmonics. After that STFT or DFT was applied to the algorithm output to estimate
the breathing rate. Not only can the frequency of the chest movement be detected in a short time
window (~20 seconds), but also, any changes in the breathing rate can be noted. The detection of
breathing rate variability can initiate a stress level mark in a human breathing pattern. To the best
of the author’s knowledge, PTP adjustable BPF method in this application has not been used in
this application.
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5.2 Human Breathing Signal Received in PN-UWB Radar

In this section, a mathematical model of the breathing signal received in PN-UWB radar
is proposed. The reason for proposing this model is for the purpose of understanding the
spectrum of the breathing signal and to determine why the error in the estimated breathing rate is
high in some scenarios [29,30]. The mathematical model illustrated that at some scenarios the
second harmonic magnitude is higher than the first one. This was observed when the magnitude
of the spectrum at the breathing rate, or its harmonic, was computed using Eq. 5.14.

Thoracic and abdominal movements are the two important movements related to
breathing. However, most of the research in human breathing detection has considered only
thoracic movements in modeling the breathing signal.

Only recently, human breathing signal was assumed to consist of superposition of returns
from thorax and abdominal movement in [96] while using continuous wave radar for Doppler-
based breathing rate estimation. The human body was modeled as two cylinders, one
corresponding to the thorax and the other corresponding to the abdomen with different
displacements and possible phase offsets. However, the phase variation due to the movements of
thorax and abdomen was modeled as a sinusoid. Although [95] considered breathing signal to be
non-sinusoidal when using UWB radar, it did not explicitly analyze the signal as a superposition
of returns from the thorax and the abdomen. Interestingly, in [48], it was observed that on an
average, the displacement of the abdomen was at least four times that of the chest; hence, it was
necessary to incorporate the contributions of abdomen into the model as suggested in [48]. It was
observed that the breathing signal obtained from the thorax and the abdomens, using a breathing
belt based on a piezo-electric sensor produced by CleveMed ™, Cleveland, USA are non-
sinusoidal. As a result, the two cylinder model used in [96] along with the non-sinusoidal model
proposed in [95] was adopted and new method of breathing rate estimation is presented.

Considering a human body modeled as two cylinders, the top represents the thorax and
the bottom represents the abdomen. In addition, a PN UWB radar transmitter and receiver are
placed at location x; and xz while the nominal chest and abdomen position (air skin interface) is
at location x, and x,, of a stationary human target.

The signal at the receiver d(t) obtained after reflecting off the chest and abdomen of a
human target positioned at distance d,, is given by d(t) as shown in Fig. 5.1:

d(t) = dy + m.(t) + my(t) (5.1)
=do + XL, ¢; sin2mifyt) + XY, a; sin(2mjfyt) (5.2)

where ¢; are harmonic components of chest displacement and a; are harmonic

components of abdomen displacement, f;, is the breathing frequency. M and N represent the
number of significant components of the chest and abdomen displacements respectively.

Since radar does not have enough resolution to identify heart motion, the displacement
due to heart is ignored. The radar used in this thesis provided a correlated output as shown in
Appendix C. The correlated output can be represented as the sum of responses of the channel,
and the variation due to chest and abdomen:

r(t, 1) = X Aip(T = 75) + Ap(t — 74(D)) (5.3)
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Figure 5.1 Human breathing signal model.

where p(t) is the correlator output, A4; is the correlator output related to the i-th static multipath
component, ; is its delay, and A is the correlator output as related to body reflection. The time
delay 7,4(t) associated with chest and abdominal movement is modeled as the sum of time-of-
flight 7, with two composite delays as shown below:

1q(t) = 1o + XV 17; sinmifyt) + XY pysin(2nj fyt) (5.4)

where 7, = % T = % W= 2% and c is the speed of light. The sampled correlator

output is obtained in discrete instants in slow time t = kT, k = 1, ..., K at discrete fast sample
timet =Ty, 1 =1,...,L and is stored as a matrix.

Since the environment was static, the static clutter component appeared as DC-
component in the slow-time direction and was removed by using pre-processing algorithm. Let
the clutter free signal, y(t, ), contains only the movements related to the chest and the abdomen
and is given by:

y(t,7) = Ap(r — 7o — Xit1 T sin(2mifypt) — Xjl pjsin(2mj fpt)) (5.5)

Figure 5.2 (a) and (b) are the chest and the abdomen breathing signals recorded by the
breathing belt, respectively. Figure 5.2 shows that the displacements of the abdomen cannot be
ignored and should be considered in all UWB radar human breathing detection models. Figure
5.3 (a) and (b) are the DFT of the recorded signals in Fig. 5.2 (a) and (b), respectively. Multiple
frequency harmonics of the breathing frequency were observed in the DFT of the abdomen
breathing signal. This indicates that the displacement of the chest and the abdomen are not
sinusoidal. It can be assumed that the chest movement is sinusoidal and the abdominal
displacement is semi- sinusoidal. However, the movements of the chest and the abdomen may
differ from one human to another.

If it is assumed that the chest movement is sinusoidal (M = 1) and the abdominal
movement is composed of the fundamental frequency (first harmonic) and the second
harmonic (N = 2), then the above equation becomes:

y(t,7) = Ap(T — 7o — (11 + 1) - Sin(2fpt) — i, sin(4nfpt)) (5.6)

The Fourier transform of y(t, t) along the slow time can be expressed as follows:

Y(f,1) = fj::y(t, T)e /2T tdt (5.7)
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Figure 5.2 (a) Chest breathing signal (b) Abdominal breathing signal recorded by a piezo-electric breathing belt.
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Figure 5.3 (a) FFT of chest breathing signal (b) FFT of abdominal breathing signal recorded by a piezo-electric

breathing belt.
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and can be obtained from the 2-D Fourier transform as follows:

Y(f,1) = [V (f,v)el? ™ dy (5.8)
The 2-D Fourier transform Y (f, v) can be written as follows

Y(f,v) = AP(v)e 7™ (8,8, 55)e 12"t dt (5.9)

where P(v) is the Fourier transform in the fast time of the correlated pulse and:

S; = Yk oo Jk(Br, V) T2k bt (5.10)
Sy = 212 Ji(Bu, v e /bt (5.11)
S3 = Y2 Jm By, v Ye~T2mmZb)t (5.12)

where B, = 2mx and T2, J,(z)e J2Phot = g~Jzsin(2mfol) s the series of Bessel functions.

After substituting and simplifying, it can be shown that at 7 = 7,

Y(f,70) = Ak im=—-o0 Cim8(f — (k + D fy —m(2 f3)) (5.13)
where

Crtm = o P(0)](Bey )]s By V) om (B, V) dv

Furthermore using mean value theorem Cy,,,, can be evaluated as follows [31]:

Crim = Af - Jie(Be, S (Buy f)Jm By, fe) P (fe) (5.14)

where Af is the pulse bandwidth. The above equation indicates that the slow time spectrum is
discrete and it has spectral lines at frequencies of the harmonics for the breathing frequency.
These harmonics are intermodulation products of the chest and abdominal movements. The
amplitude of each intermodulation product for a frequency f = (k + 1) f;, + m2f; is determined
by the coefficient Cy;yp,.

From equations 5.5 and 5.13, the signal y(t, t), as reflected from a human breathing at a
target estimated range-bin, has multiple frequency components varying with time. In Eq. 5.13, if
the movements of the chest and the abdomen are not pure sine waves, the breathing spectrum
will contain more frequency lines and extracting the human breathing rate becomes more
complicated. In some scenarios, the second harmonic magnitude becomes dominant and it is
necessary to reduce the effect of the second harmonic in order to estimate the real breathing rate.
Figure 5.4 (a) illustrates the DFT of the human breathing as detected in a range-bin estimated by
the proposed detection algorithm in the previous Chapter. Figure 5.4 (b) illustrates the STFT of
the same signal using a window time equal to 20 seconds , an overlap ratio equal to 50%, and
utilizing a Hann window in the frequency domain, respectively. The target was sitting 2m from
the radar in an office environment and breathing with normal breathing. Figure 5.4 shows that
the breathing signal had multiple frequency components and the second harmonic was dominant.
A simple way to track the chest wall movements is to study the ToA of the amplitude peaks in a
range-bin.
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Figure 5.4 (a) The DFT of the human breathing signal (b) STFT of the human breathing signal.

5.3 Human Breathing Rate Estimation
Many frequency and phase estimators and transforms have been introduced in several

signal processing applications. One of the most famous transforms is the FFT [92]. The
accuracy of several FFT-based MLEs estimators was discussed in [92,106,107,108,109].
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The Zero-crossing phase and frequency estimator which include three refinement
methods have been proposed in [92]. Lio compared FFT with the zero-crossing phase and
frequency estimators. The simulated results showed that the zero-crossing frequency and phase
estimators can provide high estimation accuracy and low computational complexity. Although
the FFT-based MLE can provide a high accuracy of estimation, the latency can be prohibitive in
some scenarios because the FFT can only be performed after receiving the entire signal [92].

Coarse estimation of the human breathing rate can be performed by counting the
breathing pulses and rejecting the non-breathing pulses. The breathing pulses repeat every 1.6~6
seconds [105]. The time interval between the sequential breathing pulses can be used to
accept/reject a breathing pulse. The zero-crossing technique accepts/rejects the breathing/non-
breathing pulse and offers breathing rate coarse estimation. The coarse human breathing rate
estimation can be refined by using an adjustable bandpass filter which is based on the human
breathing time intervals constraint combined with one of the accurate frequency and phase
estimators. Once the effect of the breathing harmonics or any other unwanted frequency
components is removed, the breathing signal will be ready for applying the selected estimator.

5.3.1 Human Breathing Rate Estimation Using FFT-based MLE

In this section, an examination of the four distinct FFT estimators in the human breathing
rate estimation was carried out (see Section 3.2.4.1). A comparison was made of the breathing
rate estimation accuracy for each of these methods. The frequency estimation error for each
method was computed for the purpose of proving which method performed best.

Many methods have been used in pitch estimation in audio analysis applications such as
Comb filters [110], autocorrelation [111], and harmonic summation [112]. Estimation of the
fundamental frequency in a multi-harmonics signal has been discussed in [112]. In our
application, it was necessary to reduce the error in the estimate due to the presence of the second
harmonic. The harmonic summation method presented in [112] was adapted in this research.
Three windows were centered at the first two multiples of the fundamental breathing frequency.
Then, the magnitude value at the fundamental frequency was replaced by the summation of the
magnitudes after applying the three windows. Finally, the three windows were slid on every
possible human breathing frequency (0.1~0.8 Hz) and the magnitude values were updated at
these frequencies. Using this method, it can be guaranteed that the magnitude at the fundamental
breathing frequency will be higher than the magnitude of the second harmonic.

A moving average window of length M,, + 1 at the frequencies f;, 2f; and 3f; was
applied to the output of the FFT estimator, where, i is the DFT frequency point index and is

equal to Lo Nrrr , fp Is the breathing frequency and it is changing from f;,; = 0.1 Hz to f;;, =
fs

0.8 Hz. In addition, Nggr is the number of the DFT frequency points, and f; is the sampling
frequency in the slow time dimension. |Y(f,7)|is multiplied with the moving average
rectangular window W (i, t) at frequencies f;, 2f;, and 3f; . At the frequency points i, 2i, and 3i
all the magnitudes of |Y(f,7)| x W(i, 1) are added, then slide the window on all the frequency
points Ngpr and determine the summation of the magnitude at every point. Figure 5.5 shows the
process of eliminating the effect of the second harmonic. The output of the process will be
Y (i, 7) and can be presented by the following equation:
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Yw(l, T) =
Sl (Dl X WL + 50tV (D] X W(2i1) + T3 sV (f, 1)) X
W(3i,7) = wy +w, +wy (5.15)

The Maximum Likelihood Moving Average (MLMA) estimated breathing frequency
furma can be computed from Eq. 3.11 as:

fuima = arg max Y (i, 7) (5.16)
[
fbl-NFFT,fbh-NFFT]
fs °  fs

ie[

The steps of applying the method are:

- Apply three windows with length equal to M,, + 1 at the lowest possible human
breathing frequency point i and its second and third harmonic, 2i and 3i to the DFT of
the breathing signal.

- Sum all the magnitudes of the three windows and update the magnitude of the spectrum
at i to this value.

- Move the three windows toi + 1, 2(i + 1), and 3(i + 1).

- Repeat the second and the third step until i reaches the highest possible human breathing
frequency point.

- fuwma is computed using Eq. 5.16.

Magnitude

o Z2fb 3fs
A Frequency (Hz)

N,
- —D

B =

AT
i— M, /2

Frequency (Hz=z)
S il i g i €O Vv |- E wy 4wz + wa

Magnitude

Figure 5.5 Process of transforming the spectrum using three windows. The first one is slid in small frequency
increments while the other two are placed at frequencies two and three times higher than the center frequency of the
first window.

In this research, the DFT was applied with the number of frequency points equal to 216, It
was found that a moving average window length equal to 1% of the breathing frequency (4
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points in the case of breathing rate ~0.3Hz) is enough to eliminate the effect of the second
harmonic in the human breathing spectrum. The error in the estimated breathing rate increases
with longer windows and lower SNR. Different types of windows (rectangular, Gaussian, Hann,
and Hamming windows) were applied and it was found that the rectangular window
outperformed the other widows.

Figure 5.6 (a) shows the breathing signal reflected from a human breathing with normal
breathing and sitting 2m from the radar. Figure 5.6 (b) is the DFT of the received signal before
applying the three windows. Figure 5.6 (c) is the modified spectrum after applying the three
windows. Using DFT, a peak was detected at the second breathing harmonic. However, by using
this modified spectrum summation method, the magnitude at the fundamental breathing
frequency was equal to the summation of the first, second, and third breathing frequency
magnitudes, and a peak was detected at the first breathing harmonic.

5.3.2 Zero-Crossing in Breathing Rate Estimation

In the two previous sub-sections, four FFT estimators, EMD, and two mean tracking
algorithms were proposed in human breathing rate estimation. It can be concluded that DFT and
EMD estimators are not enough to estimate the accurate human breathing rate because of two
reasons:
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Figure 5.6 (a) The breathing signal of a human sitting 2 m from the radar. (b) DFT before applying the three
windows (c) after transforming the spectrum using three windows.
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o The multiple breathing frequency harmonics may have a magnitude higher than the
magnitude of the first breathing frequency harmonic.

o Any human body part displacements while breathing will generate multiple frequency
components which will need to be removed. These frequencies overlap with the human breathing
frequency range. A method to assign which frequency is related to the breathing signal is
required.

Although the mean tracking algorithms can reduce the effect of the large-scale body
displacements on the breathing rate estimation, the algorithms are sensitive to the time window
size and the error in the breathing rate is still high in comparison with the real human breathing
rate. More advanced techniques are required.

The zero-crossing technique has been used as a frequency and phase estimator
[92,113,114]. Zero-crossing estimators, followed by refinement methods, may have a better
performance than other frequency and phase estimators in some scenarios [92,115]. An
advantage of the zero-crossing method is that the properties of physiological signals can be used
to remove the non-breathing human body displacements. In the following section the zero-
crossing method in the human breathing rate estimation is proposed.

5.3.2.1 Coarse Human Breathing Rate Estimation

The zero-crossing algorithm operates by detecting the time instants of the zero-crossings
for a specified threshold level and sorts these zero-crossings in to a vector S = (ty,t,, ... ts)
where s is the number of detected zero-crossings. In order to minimize the effect of the white
noise, a state machine is used and a zero-crossing threshold level is assigned [92]. The initial
threshold level assigned is equal to the standard deviation o, of the breathing signal amplitude.
The initial upper and lower threshold level (Thry and Thr;) are equal to +o; and —ay,
respectively. Figure 5.7 shows the state machine used to detect the zero-crossing s of the
signal y(t, ). Given n is the time samples index in the slow time dimension. The signal
amplitude y[n] or its absolute value |y[n]| will be examined if it is higher or lower than a
threshold as shown in Fig. 5.7. A negative-slope zero-crossing was detected on state transitions 1
— 2 and 3 — 2 when y[n] > +a; or |y[n]| < +ad, and altered to be less than —a; . A positive-
slope zero-crossing was detected on state transitions 2 — 1 and 4 — 1 when y[n] < —a, or
|y[n]| < +0;, and altered to be more than +a. After that, a linear interpolation is required to
determine the zero-crossing time when the signal crosses from state to another state.

When the signal crosses the zero line with a positive slope, Eqg. 5.17 is used to determine
the zero-crossing time [92].

+ _ Y(tn+1ﬂ')
th = i1 ~ ez 0-yn (5.17)

tn—tn+1

where, t,, is the last sample in the signal in state 1 before crossing to state 2 and t,,,, is the first
sample in the signal in state 2. When the signal crosses the zero line with a negative slope, Eq.
5.18 is used to determine the zero-crossing time [ 92].

tr=t, — 2D (5.18)

T Ytne1,0 -y
tn+1-tn
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Figure 5.7 State machine implementation of the zero-crossing detector [92].

where, t, is the last sample in the signal in state 2 before crossing to state 1 and t,,,., is the first
sample in the signal in state 1. The vector S becomes equal to (tf,t;,...t}) if the first zero-
crossing has a positive slope and the number of zero-crossing S are odd. The vector S becomes
equal to (ti,t5,...t}) if the first zero-crossing has a negative slope and the number of zero-
crossing S are even. The breathing pulses will be repeated every PTP interval. The PTP interval
will be sorted in a vector Sprp = (P4, ... B;). The elements of the vector Sprp Will be modified
according to the physiological boundaries of the human breathing pulses interval to remove any
pulses that are not related to human breathing. The interval between any sequential human
breathing pulses should not be less than 1.5 or more than 11 seconds. Sprp Will be modified
according to the following rule:

15<P,<11,n=1,..,s

A
elsewhere (5.19)

Sprp = {Pn 0

A coarse estimation of the breathing rate f; = 1/Tz was computed where, Ty is the mean
value of the PTPs discarding the zeros.

5.3.2.2 Fine Human Breathing Rate Estimation

For fine estimation, a 6 order IIR Butterworth bandpass filter with upper cut-off
frequency f,, and lower cut-off frequency f; determined by Eq. 5.20 and 5.21 was used to remove
the higher breathing harmonics and any noise in the signal:

fu=— (5.20)

Tgp—aop

f=— (5.21)

- Tptaop
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where o3 is the standard division of the PTPs intervals and a is a constant. We studied the value
of a by applying our human breathing rate estimation method to 27 measurements which were
collected from 3 subjects breathing with normal breathing standing, sitting, and lying on his/her
back 1m, 2m, and 3m from the radar and facing the transmitter and receiver antennas. Table 5.1
is the subjects’ weight, height, and age. Figure 5.8 shows the absolute error in breathing rate
estimation at a =0.5 to 1.8. The breathing rate estimation absolute error is minimum at a = 1.2.
In this research’s estimation algorithm, a was chosen to be equal to 1.2. However, the proposed
method was not very sensitive to the value of a.

The lower and upper cutoff frequencies of the bandpass filter was adjusted based on the
time interval between each breath in the time domain. First, Sprp Was updated according to Eq.
5.19 to remove all the pulses that are not related to breathing. The constraint was that the human
breathing pulses were repeated between 1.5 seconds and 11 seconds. Second, the human
breathing was coarsely estimated from the mean value of Sprp. Finally, the upper and lower
cutoffs frequencies of the bandpass filter were adjusted according to the mean value and the
standard deviation of PTPs intervals.

Table 5.1 Subjects weight, height, and age.

Subject

Weight (Kg)

Height (m)

Age

A

132

187

40

B

97

187

37

C

77

172

35

0.05

0.045

0.04

0.035

0.03

0.025

0.02

0.015

Mean absolute error (Hz)

0.01

0.005

Figure 5.8 Absolute breathing rate estimation error using zero-crossing method.

0.6

0.8 1

12

a

75

14

16

18




Figure 5.9 is the block diagram of this research’s novel human breathing rate estimation
algorithm. The zero-crossing method with the state machine in Fig. 5.7 was applied to the
reflected signal from the target y(t, 7). The output was the PTPs. After that, the human breathing
constraint in Eq. 5.19 was applied and the output was the updated Sprp. The mean value of the
time intervals between the breathing pulses was used in a coarse human breathing estimation by
determining fz = 1/Tp. After that, the mean value and the standard deviation of the updated
PTPs were used to readjust the lower and upper cutoff frequencies of IIR BPF. Then, the
iteration continues until the difference between the upper and the lower cutoff frequencies, and
the upper and the lower cutoff frequencies of the previous iteration of the bandpass filter were
less than 0.01 Hz. If not, the output of the adjustable IIR BPF, ygpr(t, T), was applied again to
the algorithm.

Input Signal
y(L. )

l

Zero Crossing

-

Pulse-To-Pulse Interval (PTF) |

Apply Humnan Breathing Pulses
Interval Constrain (Eq. 5.19)

l SP TF

Vere (L. T) Human Breathing Coarse
Estimation
Fec l Tg. 05
| Adjustable IR BPF (Eq. 5.20. 5.21) |
s = fzc

Filter cutoff frequencies
were changed

‘es J_

Figure 5.9 Human breathing rate estimation algorithm.

In the following section it is evident how this novel method outperforms the state-of-the-
art. The signal reflected from a target standing 2m from the P410 UWB radar and breathing with
a breathing rate equal to 18 breaths/min was collected in free space. The proposed range-bin
estimation algorithm in Chapter 4 was applied to the collected data matrix X after applying the
pre-processing algorithm. Figure 5.10 shows the normalized correlator output at the target
estimated range-bin in time domain. The blue and red points show the zero-crossing s at Thry
and Thr; , respectively. The yellow and green points show the estimated zero-crossing s points
t;} and t,;, respectively.

Figure 5.11 (a) and (b) are the DFT and the STFT of the correlator output in Fig. 5.10
after applying the proposed zero-crossing method. Figure 5.11 (a) shows that the multiple
frequency components have been removed and a peak has been detected at frequency equal to
0.35 Hz. The same results are evident in Figure 5.11 (b). The non-breathing frequency
component has been removed and a breathing rate appears as high magnitude intensity at 0.35
Hz.
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Figure 5.10 Human breathing signal in an estimated range-bin.
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Figure 5.11 (a) The DFT of the human breathing signal. (b) STFT of the human breathing signal, after applying the
presented zero-crossing method.

5.3.3 Comparison Between DFT, Mean Tracking and Zero-Crossing

A collection was made of the reflected signal from a human breathing at a breathing rate
of 18 breaths/min. The subject was asked to breathe when he/she heard a tone generated by a
software program and repeated every 3.33 seconds The experiments were performed in an
anechoic chamber in University of Ottawa, Ottawa, Canada. The reflected signal was recorded
while the target was standing, sitting, or lying down at six different angles 6 from the
perpendicular to the radar antenna plane. Eighteen measurements were collected at different
postures and different angles.

Thirty six measurements were collected from a human breathing at different angles and
postures in an anechoic chamber and an office environment. The performance of the proposed
method was then compared with FFT estimators [92], moving average, and ellipse fitting
methods [30]. A target was standing, sitting, or lying down 1.2 m from the PN-UWB radar with
angels 0, 30, 60, 90, 135, or 180 degree from the plane of the transmitter and receiver antenna
plane. Eighteen measurements were collected in the anechoic chamber and 18 measurements
were collected in an office environment in University of Ottawa, Ottawa, Canada.

Figures 5.12 (a) and (b) are the mean absolute error and the variance of the absolute error
of the estimated breathing rate of a human breathing with a breathing rate 18 breaths/min in an
anechoic chamber using the DFT, moving average, ellipse fitting, and zero-crossing methods.
The most accurate breathing rate estimation was obtained using the proposed zero-crossing
method. The mean absolute error using the zero-crossing method was reduced 34.04% compared
with the moving average filter method. The maximum error in the estimated breathing rate using
the zero-crossing method was 32.33% of the real breathing rate while the maximum error after
applying the modified harmonic summation method (see Section 5.3.1) to the DFT of the output
for the moving average filter method was higher than 50% of the real breathing rate. The results
in Fig. 5.12 show that the zero-crossing method outperformed the other three methods.

Figures 5.13 (a) and (b) represent the mean absolute error and the variance of the absolute
error of the estimated breathing rate of a human breathing with a breathing rate 18 breaths/min in
an office environment using the DFT, moving average, ellipse fitting, and zero-crossing
methods.
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Figure 5.13 (a) The mean absolute error (b) the absolute error variance of the human breathing rate estimate by
using the DFT, EF, MA, and ZC methods in an office environment.
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The mean absolute error using the zero-crossing method was reduced by 16.21% compared with
the moving average filter method. The maximum error in the estimated breathing rate using the
zero-crossing method was 41.33% of the real breathing rate while the maximum error after
applying the moving average window to the FFT of the output of the moving average filter
method was 52% of the real breathing rate. The error in the human breathing rate estimation
using the zero-crossing method was the least at different angels and postures. The results show
that using the zero-crossing method combined with an adjustable 1IR bandpass filter was suitable
for the human breathing rate estimation. The method was not sensitive to the time widow size of
the breathing signal.

5.3.4 Human Breathing Rate Estimation Behind Walls

In the previous section a method was proposed to estimate the human breathing rate in an
anechoic chamber and in an office environment. The target detection and range-bin estimation
algorithm proposed in Chapter 4 works in free space as well as behind different types of walls. In
human breathing rate estimation of targets behind walls, the SVD combined with the skewness
method was applied to estimate which range-bin contains the target. After that, the zero-crossing
with the time interval between each breath constraint algorithm was applied to the signal in that
range-bin for the purpose of estimating the breathing rate.

To study the performance of the proposed method in human breathing rate estimation

behind walls, 18 measurements were collected from a human breathing with normal breathing at
a breathing rate of 18 breaths/min. The target was standing, sitting, and lying down 1.5m behind
a 20 cm thick gypsum wall with at different angles (0, 30, 60, 90, 135, 180 degrees) from the
transmitter and receiver antenna plane. The pre-processing algorithm was applied and the
proposed range-bin estimation based on SVD was applied along with the skewness method.
Finally, the FFT, moving average, ellipse fitting, and zero-crossing methods were applied to the
correlator output at the estimated range-bin. A comparison was made between the mean absolute
errors of the estimated breathing rate using the four methods.
Figure 5.14 (a) and (b) represent the mean absolute error and the variance of the absolute error of
the estimated breathing rate of a human breathing with a breathing rate of 18 breaths/min behind
a 20 cm gypsum wall using the FFT, moving average, ellipse fitting, and zero-crossing methods.
The mean absolute error using the zero-crossing method was reduced 28.57% compared with the
moving average filter method after applying the three sliding windows. The maximum error in
the estimated breathing rate using the zero-crossing method was 41.33% of the real breathing
rate while the maximum error after applying the moving average filter method was 52.67% of
the real breathing rate. The error in the human breathing rate estimation using the zero-crossing
method was the least at different angels and postures. It can be concluded that the zero-crossing
method with physiological boundaries can be used to estimate the human breathing rate in free
space and behind walls with minimum error in the estimate rate.

5.3.5 Two Targets Human Breathing Rate Estimation

In Section 4.6.2, a two target detection algorithm was proposed. If the range-bins of the
two targets can be estimated, the breathing rate of the two targets can be estimated by applying
the zero-crossing breathing rate estimation method to the received signals in these range-bins
(see Section 5.3.2).
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Figure 5.14 (a) The mean absolute error (b) the variance of the absolute error of the human breathing rate
estimate by using the DFT, MA, EF, and ZC methods behind a 20 cm gypsum wall.
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Figure 4.21 shows two targets breathing with normal breathing and sitting 2.5 m and 3.5 m from
the radar in an anechoic chamber. The targets were wearing a breathing belt based on a piezo-
electric sensor produced by CleveMed ™, Cleveland, USA [116] to measure the real breathing
rate. The real breathing rates were 0.3 Hz and 0.4 Hz for the first and the second target,
respectively. The targets’ range-bins were estimated at 2.5 m and 3.6 m. Figure 5.15 (a) and (b)
are the normalized correlator output at the first and the second target’s range-bin, respectively.
The estimated breathing rate for the first target was 0.29 Hz with an error equal to 3.3% of the
real breathing rate and the estimated breathing rate for the second target was 0.42 Hz with an
error equal to 5% of the real breathing rate.
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Figure 5.15 (a) The normalized correlator output at 2.5 m (b) The normalized correlator output at 3.6 m.

5.4 Discussion

In Chapter five, methods and algorithms were developed to estimate the human breathing
in free space, office environment, and behind walls using UWB radars. The main source of error
in human breathing estimation is the large magnitude of the second harmonic. Although any
movement of the human body can be a source of error in human breathing estimation algorithms,
this thesis focused on the second harmonic as a source of error. In this section, a summary is
given of the observations, mathematical model, the proposed methods, and the comparison
between the proposed methods and the state-of-the-art.

Important Observations Obtained Experimentally:

It was observed that the contribution of the abdominal movement resulted in multiple harmonics
of the breathing signal. It was found that the major source of errors in human breathing detection
algorithms was due to the second harmonic having higher magnitude than the first one.
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Modeling:
The model of breathing signal reflected from a human and received in PN-UWB radar was
updated so that it included contributions from the abdomen.

Proposed methods
e Improving the State-of-the-art Algorithms

To improve the state-of-the-art algorithms, it was necessary to address the problem of the
magnitude of the second harmonic being higher than the magnitude of the first one in some
scenarios. Three sliding windows were applied at the potential human breathing fundamental
frequency and its second and third harmonics. This method guaranteed that the magnitude of the
fundamental breathing frequency would be higher than the magnitude of its harmonics. It was
found that the rectangular window outperforms Gaussian, Hann, and Hamming windows. Also, it
was found that a window with length equal to 1% of the real breathing rate is suitable for this
method.

e Human Breathing Rate Estimation Based on Zero-crossing
In this method, the zero-crossing was applied to the reflected signal from a human breathing and
the time instants of the zero-crossings were estimated. The time interval constraint between each
breath was applied by removing the intervals that exceeded the separation interval limits. The
breathing rate f,. was estimated from the mean value of the time between the breath pulses.

The mean and the standard division of the PTPs was used to readjust the upper and lower cutoff
frequencies of a Butterworth IR BPF. The DFT of the output for the filter was computed and an
estimation of the human breathing frequency frrr was made. If the difference between f,. and
frrr Was higher than 0.05 Hz, the output of the filter was processed by the algorithm again until
the difference between f,. and fzrr becomes smaller than 0.05 Hz. By using this method, it was
possible to remove the contribution of higher breathing harmonics and the breathing rate was
estimated accurately.

Comparisons Between the Proposed Methods and the State-of-the-art

A comparison was made between the FFT, moving average, and ellipse fitting methods before
and after using the three sliding windows method, as described in Section 5.3.1.5. The FFT,
moving average, and ellipse fitting methods detected the second breathing frequency harmonic
as the dominant peak of the spectrum instead of detecting the peak of the first harmonic, in some
scenarios. By using our new method, the first harmonic of the breathing signal was detected in
all measurements.

Next, a comparison was made between FFT, moving average, and ellipse fitting methods, after
using the three sliding windows and the proposed zero-crossing method with the time interval
constraints between breaths. The zero-crossing method with this constraint outperformed the
other methods in the anechoic chamber, the office environments, and also behind the wall. The
mean absolute error using the zero-crossing method was reduced by 34.04%, 16.21%, and
28.57% compared with the moving average filter method after applying the three sliding
windows in the anechoic chamber, in the office environments, and behind the wall, respectively.
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Comparison between the DFT and zero-crossing algorithms in computational complexity

A comparison between the computational complexity of the FFT and zero-crossing methods was
performed by measuring the mean value of the running-time for both methods. The programs
were implemented in Matlab and were executed on a laptop having a 2.26 GHz Intel core i3-
350M processor and Windows 7 operating system. The two methods were run 100 times to
estimate the breathing rate, and the mean values of the running-time were computed. The mean
values of the execution time for the FFT and zero-crossing were 0.57 seconds and 0.06 seconds,
respectively. The zero-crossing method is less computationally intensive for this particular
implementation.

Limitations on Improving the State-of-the-art Algorithms

The error in the estimated breathing rate increases when the spectrum of the breathing signal
contains high magnitude componets at low frequencies (~0.1Hz or less). Pre-processing is very
important to remove these low frequencies.

Limitations on Human Breathing Rate Estimation Based on Zero-crossing

The zero-crossing method combined with an adjustable bandpass filter based on the breathing
pulse-to-pulse interval can be used to eliminate the effect of the human body large-scale
displacements. Also, it can be used to eliminate the effect of the dominant second harmonic.
However, when the received signal is composed of two harmonics, one at the fundamental
breathing rate and the other at the second harmonic, shifted in phase by /2 from each other, the
signal will cross the positive zero-crossing level at time instants equal to multiples of the half of
the real breathing pulse interval. The estimated breathing rate will be twice of the fundamental
breathing rate. However, the estimated breathing rate at the negative zero-crossing level will be
equal to the fundamental breathing rate. In this case, the minimum estimated breathing rate using
the positive and the negative threshold level can be selected.
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Chapter 6
Posture Estimation

6.1 Introduction

Human posture estimation is significant in security applications and military operations,
rescue operations, and home-care applications. In security applications and military operations, it
IS important to estimate the number of targets and their postures before attacking the suspicious
places. Estimating the posture of these targets will help in determining the best scenario to break
in.

It was observed that the contribution of the abdominal displacements while breathing,
relative to the chest displacements, is differed at various postures. This feature can be used to
distinguish between fallen people on the ground/floor and sitting or standing people in free space
and behind a wall.

In rescue operations, estimating the human posture can help in planning a rescue triage.
Humans trapped under debris and lying down may need to be rescued before those who are
standing or sitting. The posture of people trapped in a collapsed building disaster may be used as
a parameter in the rescue triage plan.

In Chapter five, a mathematical model of the received human breathing signal in PN-
UWAB radar was proposed. The spectrum of the correlator output was observed. It was found that
the magnitude of the breathing frequency harmonics changed when the displacements of the
chest and the abdomen changed. The displacements of the chest and the abdomen changed when
the human changed his/her posture. This means that the ratio between the different breathing
harmonics will carry the information of the human posture. Unlike earlier published works, both
chest and abdominal movements were considered for modeling the radar return signal along with
the contributions of fundamental breathing frequency and its harmonics.

In this Chapter, the analyses of recorded reflected signals from three subjects in different
postures and at different ranges from the radar indicated that ratios of the amplitudes for the
harmonics contained information about both posture and posture changes. Attention was directed
towards the relationship between the ratios of different breathing frequency harmonics
magnitude for a breathing signal reflected from a human and received in PN-UWB radar. The
posture of this human was also studied.

6.2 Human Breathing Displacements

The basic idea of UWB sensing is to obtain estimates of the vital signs through signal
processing for the small motions related to the organs that are responsible for producing those
signs. These small motions manifest as micro-Doppler in the radar returns, which is further
processed to obtain the estimates.

In the literature, the signal reflected from the human breathing displacements is assumed
to be a sine wave [93,94]. However, in [95], the human breathing signal was modeled as a sine
wave or a number of frequency harmonics added together. In [48], the observation of the
breathing rate for a number of volunteers indicated that the human breathing displacements were
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observed from the chest and the abdominal displacements. Also, it was observed that the
abdomen displacements were larger than the chest displacements [48].

Attention was also directed towards the displacements of the chest and the abdomen of a
human breathing with normal breathing. A breathing belt was utilized based on a piezo-electric
sensor produced by CleveMed ™, Cleveland, USA [116]. The chest and the abdomen breathing
signals recorded by the breathing belt are shown in Fig. 5.2 (a) and (b), respectively. The FFT of
these signals is shown in Fig. 5.3 (a) and (b). Multiple frequency harmonics of the breathing
frequency have been observed in the FFT of the abdominal breathing signal. This means that the
displacement of the chest and the abdomen are not sinusoidal. The mathematical model
presented in [95] has been adapted along with the two cylinder model presented in [96].
Observations on the displacements of the chest and the abdomen and a new mathematical model
of the breathing signal received in PN-UWB radar are presented in Section 5.2. In the following
section, the relationship between the human posture and the human breathing frequency
harmonics ratios are observed. The objective was to find a feature that could be used in human
posture classification.

6.3 Relationship between Human Posture and Breathing Frequency
Harmonic Ratios

The FFT of the correlator output is presented in Eg. 5.13

+00

VT =4 ) Cam(f = (k+Dfy —m(2f)
k,lm=—o

where

Cram = I PCONic(Bey 01 By W) By )8V = A Jie By )i By fo)lm By )P (£

If the phase shift between the displacements of the abdomen and the chest is @ and if it is
assumed that the chest movement is sinusoidal and the abdomen movement is composed of
fundamental frequency and the second harmonic, the correlator output at a target range-bin
becomes:

y(t, 1) = Ap(t — 19 — T15in2nfpt) — Yy sSin(2ufyt + O1) — uy, sin(4nfyt + 0,)) (6.1)

where @, and @, are the phase shift between the abdominal displacements first and second
harmonic, and the chest displacement first harmonic. Equation 5.9 becomes:

Y(f,v) = AP(v)e J2™70 [17(8,5,5,5,55)e 2t dt (6.2)

where P(v) is the Fourier transform in the fast time of the correlated pulse and:

Sy = XrZ o Jie(Br, v)e T2 bt (6.3)

Sy = Y+2 J,(B,. v cos(®))e I2m vt (6.4)
l M1

Sz = XH2 oo Jn(Bu, v sin(P,))e I vtg=inm/2 (6.5)
U1
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Sa = T2 Jm (B, v cOS(B2))e ™ /2mm @ n)t (6.6)

Ss = 2;;0_00 q(ﬁuzv Sin(¢2))e—J'ZHQ(Zfb)te—jqn/Z (6.7)
where B, = 2mx and Y32, ], (z)e/2mIot = g~Jzsin(Znfol) s the series of Bessel functions.

The value of C,, in Eqg. 5.13 is modified to be

Cklmnq ~

Af Jie(Bey e )In (B, s1(®1) £ )i (B, c05(B1) fe)Jq By, SI(D2) f))m (B, c05(B2) fIP(f2) (6.8)

If the phase shift between the chest and the abdomen displacements @,, 8, =0 , Eq. 6.8
reduces to Eq. 5.14.

Equation 6.8 indicates that the slow time spectrum is discrete and has spectral lines at
frequencies of the harmonics for the breathing frequency. These harmonics are intermodulation
products of the chest and abdominal movements. The amplitude of each intermodulation product
at a given frequency f = (k + [+ n)f, + 2(m + q)f,, is determined by the coefficient Cy;pnq -
It may be noted that the modulation index g, in Eq. 6.8 changes with the posture due to the fact
that the abdomen and chest displacements are different for different postures. As a consequence,
the values of the coefficients Cy;mn, change with posture. This information can be effectively
used to identify the posture of the target or at the minimum provide an indication of possible
posture of the target. The coefficient at the breathing frequency is given by:

Cr = C10000 + Co1000 * Coo1000 (6.9)
while the coefficient at the second harmonic is given by:
Cor = Coooo1 + Cooo10 + C20000 + Co2000 T Coo200 + Ci1000 T Co1100 + C10100 (6.10)

, and the coefficient at the third harmonics is given by:

C35 = C30000 T Co3000 T Coo300 T C11100 + C10010 T C10001 + Co1010 + Co1001 + Coo101 +
+Coo110 T C21000 T C20100 + C12000 T C10200 + Co1200 + Co2100 (6.11)

The ratio of the harmonics, R,; = % and Rz, = %will vary with posture and by
f f
estimating these ratios, it may be possible to identify the posture of the target.

Table 6.1 illustrates the ratios R,; and R5, at three different abdomen displacements. We
assumed that the displacements of center point for the chest in front of the radar are 0.2 cm [6]
and the displacements of the abdomen are four times the displacements of the chest [48]. The
second harmonic magnitude of the breathing frequency is equal to 20% of the first harmonic as it
was observed in Fig. 5.3 (b). The ratios R,;, and Rz, increase when the displacements of the
abdomen increase. The displacements of the abdomen change in the different human postures.
As a result, the ratios R,; and R3; will change when a human changes his/her posture.
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Table 6.1 R,; and R3; ratios at different abdomen displacements.

Index | Chest Abdomen Cy Car Csr R;1 | R3y
displacements | displacements | Af x P(f.) | Af x P(f,) | Af x P(f.)
(cm) (cm)
1 0.2 0.2 0.342 0.096 0.020 0.280 | 0.058
2 0.2 0.8 0.615 0.385 0.188 0.626 | 0.306
3 0.2 1.6 0.306 0.430 0.431 141 | 141

Figure 6.1 presents R,; and R, for a constant chest displacement (0.2 cm) and
abdominal displacements from 0.2 to 1.6 cm. The ratios increase when the displacements of the
abdomen increase. In some scenarios, the second breathing frequency harmonic may have a
magnitude higher than the first breathing frequency harmonic.

Figure 6.2 is R,; and R5, for the spectrum of a simulated breathing signal that is
reflected from a human breathing with chest displacements equal to 0.2 cm. The abdominal
displacements were assumed to be equal to four times the chest displacements at different phase
shifts @. The maximum ratios occur when @ is equal to /4 and the minimum ratios occur when
@ is equal to zero or /2.

15

Second/first harmonic magnitude
third/first harmonic magnitude

Harmonic ratio

0.5

0.8 1 1.4 1.6

Abdomen displacements (cm)

0.4 0.6 1.2

Figure 6.1 Harmonic ratios at different abdomen displacements.
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Figure 6.2 Harmonic ratios at different @ and the chest displacement of 0.2 cm and the abdominal displacements of
0.8 cm.

6.4 Methodology

Figure 6.3 shows this research’s proposed method for computing the breathing frequency
harmonic magnitude ratios. The data matrix which is collected as shown in Fig. 2.2 was applied
to the data-preprocessing algorithm (Section 4.3). Then the proposed SVD detection algorithm
(see Fig. 4.17) was applied. The output of the SVD detection algorithm was a decision of
detection and the estimated target range-bin. An assumption was made that a target has been
detected at a range-bin b computed at a fast time 7. From Eq. 6.1, the correlator output at the
fast time 7, will be:

y(t,1p) = Ap(1p — 19 — T1SINQREft) — Uy sSinufpt + 01) — uy sin(Anfpt + @,))  (6.12)

A Hann window was applied to the signal y(t,t;,) with length equal to 40sec for the
purpose of minimize the edge effects in the FFT spectrum of the signal. The output is:

Yr(t,Tp) = y(t,7p) X w(t) (6.13)
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Figure 6.3 Harmonic ratios computation method.

where, w(t) is Hann window with length equal to the correlator output signal length in
the slow time direction. The sampled correlator output is obtained in discrete instants in slow
time t = kT

yr(t, tp) = y(t, 1) X w(t), t=01,..,(K—1DT; (6.14)
and
w(t) =0.5 (1 — cos (271'%)), 0<k<K-1 (6.15)

where, K is the number of samples in the slow time dimension. Finally, FFT was applied
to y, (t, 7). From Eq. 5.13 and Eq. 6.8, FFT of vy, (kT, ;) will be:

Yo(f,1p) = W) * AXE Pmng=—o Climngd(f — (k + 1+ ) f, —2(m + q) f3) (6.16)

where W (f) is the FFT of w(t) and (x) is the convolution operation. Y}, (f, 7,,) will have spectral
lines at frequencies f = (k+ 1+ n)f, + 2(m + q)f. A study will be conducted of the ratios
between the magnitudes of these spectral lines and its relation with human posture change.
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6.5 Breathing Frequency Harmonic Ratios in Different
Environments

In this section, a study was conducted of the ratios between the second and the third to
the first breathing frequency harmonics magnitude in three different environments: the anechoic
chamber, an office environment, and behind a gypsum wall. The subject was asked to take a
breath when he heard a tone generated from a software program and repeated every 3.33
seconds. The subject was standing, sitting, and lying down 1.5 m from the radar at angles 0, 30,
60, 90, 135, 180 degrees from the transmitter and receiver antenna plane. Six measurements were
recorded at every posture and a total 18 measurements were recorded in each environment. The
measurements were collected in the anechoic chamber, and in an office environment in free
space and behind a 20 cm thickness gypsum wall at the University of Ottawa, Ottawa, Canada.
Figure 6.5 shows the model of a human breathing while standing, sitting, and lying down and
facing the radar with 0, 30, 60, 90, 135, and 180 degrees from the transmitter and receiver
antenna plane.

6.5.1 Human Breathing Frequency Harmonic Ratios in an Anechoic Chamber

The breathing frequency harmonics magnitude Cr, C,, and Cs are presented in Eq. 6.9,
6.10, and 6.11. The ratio of the harmonics, R,; = Ccif and R;; = %Wi" vary with posture and
f f

by estimating these ratios, it may be possible to identify the posture of the target.

Eighteen measurements were collected from a human standing, sitting, and lying down at
different angles from the transmitter and the receiver plane as described in Fig. 6.4. The
harmonic magnitudes were computed in each measurement for three scenarios: covering the
abdomen with Radio Frequency (RF) absorber, covering the chest with RF absorber, and not
covering the chest or the abdomen with the RF absorber. The reflectivity of the used RF absorber
at the PN-UWB radar center frequency was recorded less than -22 dB [117]. Figure 6.5
represents a human covering his chest by an RF absorber. Table 6.2 presents the first, second,
and third breathing harmonic magnitudes C¢, C,, and Csf for the three scenarios in each
measurement. S, is referring to covering the abdomen with Radio Frequency (RF) absorber
scenario, S, refers to covering the chest with RF absorber scenario, and S, refers to
measurements when not covering the chest or the abdomen with the RF absorber scenario.

We computed the magnitude of the spectrum at the breathing frequency
harmonics Cy, C,f , C3¢, and the ratios R,; and R3; in each measurement. The ratios R,; and R34
when the chest and the abdomen were not covered by the absorber are in the bold faced numbers.
We add the magnitude of the spectrum of first harmonic C; of the two uncovered parts and test if
they are approximately equal to the magnitude value when there is no absorber. 31
measurements out of 54 measurements (around 57%) were showing that the magnitude when
there is no absorber is approximately equal to the magnitude when covering the chest plus the
magnitude when covering the abdomen. We found that the magnitude of C; in 40 measurements

(74%) is higher than or equal to the magnitudes of C,; and Cs.
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Figure 6.4 Measurement model of a human (a) standing (b) sitting (c) lying down and facing the radar at 6 different
angles.

T

Figure 6.5 A human covering his chest with an RF absorber.
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Table 6.2 Breathing frequency harmonics magnitude at different postures and angles in an
anechoic chamber.

Angle Posture Scenario Cr Cyr Csr Ry, R3,
Sy 1.2x10° 8.86x10° 2.80x10° 0.74 | 0.23

Standing S, 9.5x10° 3.6x10° 2.8x10° 0.38 | 0.29

Sy 1.2 x10° 3.1x10° 2.6x10° 0.26 | 0.22

0° Sy 1.66x10° 2.00x10° 0.6x10° 1.20 | 0.04
Sitting S, 1.40 x10° 9.2 x10* 2.14 x10* 0.66 | 0.15

Sy 9.79x10° 3.6 x10° 2 x10° 037 | 02

S, 15.00x10* 5.00x10* 4.00x10° 0.33 | 0.03

lying S, 6.09x10* 1.14 x10* 5.82 x10° 0.19 | 0.09

S, 8.32 x10* 2.43 x10* 8.56x10° 029 | 01

S, 8.53 x10° 5.65 x10° 3.2 x10° 0.67 | 0.38

Standing S, 3.50 x10° 1.25 x10° 0.4 x10° 0.36 | 0.11

S, 7.00x10° 2.65 x10° 1.35 x10° 0.38 | 0.19

. S, 12.30 x10° 14.10 x10° 1.7 x10° 1.15 | 0.14
30 Sitting S, 6.20 X10° 8.20 x10° 165x10° | 0.13 | 0.26
S, 6.75 x10° 3.00 x10° 8.63 x10* 0.44 | 013

S, 1.86 x10° 5.00x10* 2.70x10* 0.27 | 0.14

lying S, 7.00x10* 1.00x10* 1.00x10* 0.14 | 0.14

Sy 9.00x10* 5.50x10* 1.00x10* 061 | 0.11

Sy 2.30 x10° 1.80 x10° 0.60x10° 0.78 | 0.26

Standing S, 1.90 x10° 2.70 x10* 7.00 x10° 0.14 | 0.04

S, 2.5 x10° 1.34 x10° 6.40 x10° 054 | 0.03

60° Sy 1.65 x10° 2.34 x10° 1.10 x10° 1.41 | 0.66
Sitting S, 12.00 x10° 5.00 x10* 2.00 x10* 042 | 0.16

S, 2.21 x10° 0.50 x10° 0.50 x10° 0.23 | 0.23

Sy 1.37 x10° 4.70x10* 2.30x10* 0.34 | 017

lying S, 1.01 x10° 3.16x10* 9000 0.31 | 0.09

S, 7.9 x10* 1.47 x10* 4200 0.19 | 0.05

Sy 5.64 x10° 4.02 x10° 1.85x10° 0.74 | 0.32

Standing S, 6.50 x10° 2.60 x10° 4x10* 0.4 | 0.06

Sy 6.25x10° 2.32 x10° 7.5 x10* 0.37 | 0.12

. S, 1.42 x10° 1.45 x10° 1.00 x10° 1.02 | 0.70
90 Sitting S, 114 X10° 4.00 x10° 4.00x10° | 0.35 | 0.35
Sy 1.38 x10° 3.33 x10° 1.70 x10° 0.25 | 0.12

Sy 2.14 x10° 4.34 x10* 6.40 x10° 0.20 | 0.03

lying S, 9.29 x10* 2.54 x10* 4.25 x10° 0.27 | 0.05

S, 9.93 x10* 1.00 x10* 7.60 x10° 0.10 | 0.08

S, 1.50x10° 1.50x10° 1.00x10° 1.00 | 0.66

Standing S, 12.00x10° 3.46x10° 1.60x10° 0.29 | 0.13

S, 2.21 x10° 1.30x10° 2.00x10° 0.59 | 0.09

135° Sy 4.25x10° 5.83x10° 1.50x10° 1.37 | 0.35
Sitting S, 8.20x10° 4.00x10° 2.00 x10° 0.49 | 0.24

Sy 2.16x10° 2.56 x10° 6.84 x10° 119 | 032

S, 8.00x10° 3.20x10° 2.00x10° 04 | 025

lying S, 8.00x10° 2.54 x10° 1.00 x10° 0.32 | 013

S, 1.57x10° 4.60 x10° 3.20 x10* 0.29 | 0.20

S, 1.43 x10° 8.80 x10° 2.00x10° 0.62 | 0.14

Standing S, 9.13 x10° 3.50x10° 2.6 x10° 0.38 | 0.28

S, 8.90 x10° 4.70 x10° 1.91 x10° 052 | 021

180° S, 3.67 x10° 3.46 x10° 0.95 x10° 0.94 | 0.26
Sitting S, 5.00 x10° 2.50 x10° 0.9x10° 0.50 | 0.18

S, 7.00 x10° 4.4 x10° 2.00 x10° 0.63 | 0.29

S, 8.7 x10* 2.26 x10* 5.45 x10° 0.26 | 0.06

lying S, 4,65 x10* 45 x10° 4.5 x10° 01 | 0.10

S, 3.25 x10* 1.07 x10* 3.74 x10° 034 | 012
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From Eq. 6.16, the spectrum of the received breathing rate will have intermodulation
components at the frequencies f = (k + 1 +n)f, + 2(m + q) f,. Figure 6.1 show that when the
abdomen displacements decrease, the ratio R,, will be decreased. When we covered the chest or
the abdomen we expected the value of R,; to be decreased. 49 measurements (89%) show that
the ratios of R,; when we cover the chest or the abdomen were less than without covering any of
them. From Eqg. 6.9, 6.10, and 6.11, it is obvious that when the chest or the abdomen is covered
by the absorber, the ratio R,; is expected to be lower than without covering any of them. In the
54 measurements, the ratio R,;when covering the chest or the abdomen was higher than without
covering any of them only 3 times.

The subject was breathing with a breathing rate equal to 0.3 Hz. We applied FFT to the
received signal in the estimated target range-bin in the slow time dimension to detect the human
breathing frequency (0.3 Hz). The breathing movements have been detected when covering the
chest or the abdomen by the RF absorber in all the 54 measurements. We learn from the previous
measurements that the human abdomen moves while breathing and the reflected signal from a
human breathing will compose of the reflected signals from the chest and the abdomen.

To compare between our mathematical model and the results in table 6.2, we measured
the displacements of chest and the abdomen of the same subject using a piezo-electric breathing
belt produced by CleveMed ™, Cleveland, USA [116]. We measured the displacements of the
chest and the abdomen in three scenarios: lying down, standing, and sitting. Figure 6.6 (a), (b),
and (c) represents the displacements of the chest and the abdomen for the same subject in the
three scenarios, respectively. The displacements of the chest in the three scenarios were around
0.6 cm. The displacements of the abdomen were around 0.5 cm, 1 cm, and 1.2 cm in a lying
down posture, standing posture, and sitting posture, respectively. The measurements showed that
the displacements of the chest are almost the same in the three postures. However, the
displacements of the abdomen changed when the human posture changed. The displacements of
the abdomen in the sitting and standing postures were higher than the displacements of the
abdomen in the lying down posture. The ratio between the displacements of the abdomen to the
displacements of the chest was 0.83, 1.6, and 2 in lying down, standing, and sitting postures,
respectively. Using Equations 6.9 and 6.10, the computed R, ratios were 0.3, 0.78, and 1.1 in
the lying down, standing, and sitting postures, respectively. Results in table 6.2 in the bold faced
numbers are very close to the values that were computed using our model in different human
postures.

Figure 6.7 shows the ratios R,; in table 6.2 without covering the chest or the abdomen
with the absorber. The ratios R, are illustrated with using the stars colors red, blue, and black in
the lying down, standing, and sitting postures, respectively. The blue and red lines are this
research’s proposed mathematical model R,,, upper and lower limit, respectively, at fixed chest
displacements equal to 0.6 cm and different abdominal displacements (0:1.5 cm), and a different
phase shift, @ between the displacements of the abdomen and the chest (0:90%). The
measurements showed that the ratios R,; in the sitting and standing postures were higher than
the ratios in the lying down postures. The ratios changed when the posture changed because the
abdominal displacement changed. The measurements fit with this research’s mathematical
model.

The results showed that the chest and the abdomen of a human move while breathing and
the displacements of the abdomen cannot be ignored. The state-of-the-art assumed that the
human breathing movements came from one-part movement without specifying if it is from the
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chest or the abdomen [31,34,95]. The results in the table show that the human breathing
movements come from two-part movements; the chest and the abdomen.
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Figure 6.6 The displacements of the chest and the abdomen while (a) lying down (b)
standing (c) sitting.
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Figure 6.7 The second/first breathing harmonic ratio in three scenarios: lying down, standing, and sitting.
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When studying the ratios R,; and R, in different postures, it was observed that the ratios
in standing and sitting postures are higher than the ratios in the lying down posture. The mean
value of R,; at different angles is 0.76, 1.10, and 0.30 in standing, sitting, and lying down
postures, respectively with a standard division equal to 0.13, 0.32, and 0.07, respectively.

The mean value of R5; at different angles is 0.33, 0.26, and 0.11 in standing, sitting, and
lying down postures, respectively. It is clear that the ratios of different breathing frequency
harmonics magnitude can be used as a feature in human posture estimation

In studying the ratio R, in different body orientations, it was found that the orientation of
the human body does not affect the ratios. The ratios R,; when a human is lying down are 0.33,
0.27, 0.34, 0.20, 0.40, and 0.26 at orientation angles 0° 30° 60° 90°, 135° and 180°
respectively. Also, the ratio R;;when the target is lying down is less than the ratio when he is
sitting or standing in different orientations.

The ratio R,; when the target is sitting is larger than the ratio when he is standing in all
body orientations. However, the ratios R,; when the target was sitting or standing overlapped in
some measurements. Figure 6.8 (a) and (b) represents the DFT of the breathing signal of a
subject breathing normally with a breathing rate equal to 0.3 Hz. The target was 1.5 m from the
radar in an anechoic chamber, and sitting and lying down, respectively, with an orientation angle
equal to zero. The ratio R,; in sitting posture (R,; = 1.2) is higher than that in lying down
posture (R,; = 0.33).
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Figure 6.8 The DFT of the breathing signal in two scenarios: sitting and lying down.
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6.5.2 Posture Estimation Results in Anechoic Chamber

Figure 6.9 is the Receiver Operating Characteristic (ROC) curve of the detection of a
human in the dorsal position. The probability of detection is 100% with no false alarms when the
threshold Thr is equal to 0.5. From the Figure, It is evident that a distinction can be made
between a person lying on his/her back and a person sitting or standing. When the human body is
lying down the ratios are small. This feature can be useful for detecting fallen people when
monitoring them in homecare situation.

6.5.3 Posture Estimation Results in Office Environment

Eighteen measurements were collected in an office environment from a human standing,
sitting and lying down at different angles from the transmitter and the receiver plane, as
described in Fig. 6.4. Table 6.3 presents Cr, Cyf, Csf, Rp1, and R3;.

Studying the ratios R,; and R5; in different postures it was observed that the mean value
of R,; at different angles was 0.82, 0.88, and 0.20 in standing, sitting, and lying down postures,
respectively with a standard division equal to 0.23, 0.48, and 0.10, respectively. The mean value
of R, at different angles was 0.33, 0.36, and 0.06 in standing, sitting, and lying down postures,
respectively. Results in table 6.2 show that when the target is standing or sitting the ratios R,
and R5, are higher than when he is lying down. Studying the ratio R,;in different body
orientations, it was noted that the orientation of the human body does not affect the ratios.

When a human is lying down the ratios R,; are 0.21, 0.26, 0.35, 0.20, 0.08, and 0.09 at
orientation angles 0°, 30°, 60°, 90°, 135°, and 180°, respectively. Also the ratio Rs,was less than
the ratio when he was sitting or standing. For all body orientations, the ratios when the human
body was lying down are less than the ratios when he was standing or sitting.

Figure 6.10 represents the Receiver Operating Characteristic (ROC) curve of the
detection for a human in the dorsal position in an office environment. The area under curve is
0.986. From the Figure, it is evident that a distinction can be made between a lying person on
his/her back and a sitting or standing person. The ratios when the human body was lying down
are small.

True positive rate
o
a

(0] 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1
False positive rate

Figure 6.9 ROC curve of a human dorsal position detection.
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Table 6.3 Breathing frequency harmonics magnitude ratios at different postures and angles in an
office environment.

Angle Posture Cr Cyr Csr R, R34
. Standing 2.94x10° 2.80x10° 1.42x10° | 0.95 | 0.48
0 Sitting 3.00 x10° 5.20 x10° 3.00 x10° 1.73 | 1.00
Lying 3.50 x10° 0.75x10° 0.80x10" 0.21 | 0.023
, Standing 2.80 x10° 1.46 x10° 1.00 x10° 052 | 0.35
30 Sitting 8.80 x107 7.55 x10* 3.80 x10* 0.86 | 043
Lying 1.42 x10° 3.70x10° 2.34x10° 0.26 | 0.16
60° Standing 5.00 x10° 3.00 x10° 7.00x10* 0.60 | 0.14
Sitting 1.95 x10° 1.28 x10° 5.70 x10* 0.66 | 0.29
Lying 1.14 x10° 4.00x10* 1.4x10* 035 | 0.12
o Standing 2.16 x10° 1.83 x10° 6.40x10* 0.85 | 0.29
90 Sitting 1.53 x10° 4.93 x10° 1.40 x10* 0.32 | 0.09
Lying 1.74 x10° 3.50 x10* 9.80 x10° 0.20 | 0.03
o Standing 4.04 x10° 3.52 x10° 8.30x10* 087 | 021
135 Sitting 5.48 x10° 3.71 x10° 8.00x10° | 0.68 | 0.15
Lying 1.24x10° 1.00x10* 2.37x10° 0.08 | 0.02
180° Standing 6.20 x10° 7.10 x10° 3.28x10° 114 | 053
Sitting 1.17 x10° 1.23 x10° 2.60 x10° 1.05 | 0.22
Lying 3.41 x10” 3.00 x10° 1000 x10° 0.09 | 0.03
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Figure 6.10 ROC curve of a human dorsal position detection in office environment.

6.5.4 Posture Estimation Results Behind Walls

Eighteen measurements were collected in office environment. A human was standing,
sitting, and lying down at different angles from the transmitter and the receiver plane, as
described in Fig. 6.3. The subject was standing behind a 20 cm thick gypsum wall. Table 6.4
represents Cy, Cf, C35, Rpq, and R3;.

When studying the ratios R,; and R, in different postures, the mean value of R,; at
different angles was 0.75, 0.57, and 0.12 in standing, sitting, and lying down postures,
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respectively, with a standard division equal to 0.35, 0.14, and 0.03, respectively. The mean value
of R5; at different angles was 0.28, 0.15, and 0.04 in standing, sitting, and lying down postures,
respectively. Results in table 6.4 show that when the target was standing or sitting the ratios R,
and Rz, was higher than that when he/she was lying down.

Studying the ratio R,;in different body orientations, it was noted that the orientation of
the human body did not affect the ratios. When a human is Ig/ing down the ratios R,, are 0.09,
0.16, 0.12, 0.11, 0.08, and 0.14 at orientation angles 0° 30° 60° 90° 135° and 180°
respectively. When the target was lying down the ratio R;;was less than the ratio when he/she
was sitting or standing in different orientations.

When the target is sitting and when he is standing, the ratio R,; overlapped. It is difficult
to discriminate between sitting and standing position behind the wall. However in all
measurements, the ratio values of R,;when the target was sitting or standing were higher than
the ratio when he/she was lying down. This feature can be used to detect fallen people on the
ground/floor behind the walls.

Figure 6.11 is the ROC curve of the detection of a human in the dorsal position in an
office environment, behind a 20 cm thick gypsum wall. The probability of detection is 100%
with no false alarms when the threshold Thr is 0.3.

The results in tables 6.2, 6.3, and 6.4 show that the displacements of the abdomen should
be included in a human breathing model. The ratios between the human breathing frequency
harmonics magnitude are proportional to the displacements of the chest and the abdomen. The
displacements of the chest and the abdomen change when the human changes his/her posture.
Results show that the ratios R,; and R3; changed when the posture changed. Minimum ratios
were observed while the human was in dorsal supine position. Figures 6.8, 6.9, and 6.10 show
that false alarms of human dorsal supine position detection increases in office environments and
behind a gypsum wall. In order to identify the posture themselves, these ratios may be
inadequate as the distribution of these ratios may have substantial overlap. Hence it may be
necessary to identify further features to classify postures.

Table 6.4 Breathing frequency harmonics magnitude ratios at different postures and angles in an
office environment behind 20 cm gypsum wall.

Angle Posture Cs Cor Csr Rz21 | Ry
. Standing 1.86x10° 1.90x10° 4.6x10°" 1.02 | 025

0 Sitting 3.00 x10° 2.03 x10° 1.00 x10° 0.68 | 0.33
lying 8.09 x10° 7.50x10° 6.00x10° 0.09 [ 0.07

. Standing 2.83 x10° 2.84 x10° 7.80 x10* 1.00 | 0.28
30 Sitting 2.64 x10° 1.00 x10° 4.20 x10° 0.38 | 0.16
lying 3.79 x10” 6.00x10° 1.80x10° 0.16 | 0.05

60° Standing 2.70 x10° 1.08 x10° 1.00x10° 0.40 | 0.37
Sitting 5.74 x10° 2.30 x10° 5.50 x10* 0.40 | 0.09

lying 5.45 x10* 6.80x10° 1.88x10° 0.12 | 0.03

5 Standing 4.16 x10* 2.15 x10* 6.20x10° 0.52 | 0.14
90 Sitting 4.34 x10° 2.61 x10° 3.00 x10° 0.60 | 0.07
lying 4.32 x10° 4.60 x10° 2.00 x10° 0.11 [ 0.05

1350 Standing 7.10 x10° 2.67 x10° 7.00x10" 0.38 | 0.10
Sitting 5.48 x10° 3.71 x10° 8.00x10" 0.68 | 0.15

lying 1.44x10° 1.66x10° 6.00x10" 0.08 | 0.02

. Standing 6.20 x10° 7.10 x10° 3.28x10° 1.15 | 0.52
180 Sitting 1.41x10° 9.85 x10° 1.40x10° | 0.69 | 0.10
lying 4,55 x10* 6.50 x10° 800 0.14 | 0.02
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6.6 Breathing Frequency Harmonic Ratios of Different Subjects at
Different Ranges

Twenty-seven measurements were collected from 3 subjects breathing normally in
standing, sitting, and dorsal positions and at the distances of 1 m, 2 m, and 3 m from the radar
and facing the transmitter and receiver antennas. Table 5.1 illustrates the subjects’ weight,
height, and age. Table 6.5 show Cy, C¢, C5f, Ryq, and Rs;. The mean value of R, at different
ranges is 0.91, 1.39, and 0.43 in standing, sitting, and lying down postures, respectively, with a
standard division equal to 0.43, 1.00, and 0.24, respectively. The mean value of R5, at different
angles is 0.49, 0.53, and 0.16 in standing, sitting, and lying down postures with a standard
division equal to 0.46, 0.43, and 0.10, respectively. Unlike the results for one person, the
distribution of these ratios has a substantial overlap. This happens because the displacements of
the chest and the abdomen differ from one person to another. Figure 6.12 (a) and (b) represents
the ROC curve of human dorsal position detection in an office environment for 3 persons using
R,; and Rs,, respectively. The area under the curve was 0.9 and 0.74 in Fig. 6.12 (a) and (b),
respectively. It was determined that the performance of the human dorsal position estimator was
better using R, ratios.
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Figure 6.11 ROC curve of a human dorsal position detection in an office environment behind a 20 cm thick gypsum
wall.

From Sections 6.5 and 6.6, it was observed that the ratios R,; and R3; may carry the
human posture information of a human breathing in free space or behind an obstacle. These
ratios can be used as a feature to extract the posture estimation information.
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6.7 Discussion

Observation:

In Chapter 4 and 5 it was observed that the appearance of dominant second harmonics magnitude
in the spectrum of the breathing signal caused error in estimating the breathing rate. However, in
this chapter, advantage will be taken of detecting the second and third harmonic of breathing
frequency to determine posture and posture change of humans.

Table 6.5 Breathing frequency harmonics magnitude ratios of three subjects at different postures
and ranges in an office environment.

Subject Posture Range Cy Coy Csf Ry1 | Rz
Lying 1.11x10° 7.35x10° 2.02x10° | 0.66 | 0.18

Standing im 9.80 x10° 9.95 x10° 1.20x10° | 1.02 | 0.12

Sitting 2.60 x10° 9.85x10° 3.50x10° | 3.78 | 1.35

A Lying 1.13 x10° 3.90x10° | 9.10x10* | 0.35 [ 0.08
Standing 2m 5.40 x10° 4.42x10° | 218x10° | 0.82 | 0.4

Sitting 8.35 x10° 8.51x10° 9.20x10" [ 1.02 | 0.11

Lying 3.59 x10° 7.20 x10* 8.20x10° [ 0.20 | 0.37

Standing 3m 9.70x10* 1.73 x10° 1.5x10° [ 1.78 | 1.55

Sitting 1.19 x10° 1.44x10° 7.20x10% | 1.21 | 0.61

Lying 3.58 x10° 7.20 x10* 8.20x10° | 0.20 | 0.00

Standing im 2.94 x10° 2.80 x10° 1.40 x10° | 0.95 | 0.47

Sitting 2.12 x10° 8.60x10° | 2.32x10° | 041 | 0.1

Lying 1.42 x10° 3.70 x10° 2.34x10° | 0.26 | 0.16

B Standing 2m 3.21 x10° 2.47 x10° 4.00x10* | 0.77 | 0.12
Sitting 5.35x10° 9.50x10° 3.45x10° | 1.78 | 0.64

Lying 1.14 x10° 4.00 x10° 1.40x10* | 0.35 [ 0.12

Standing 3m 4.45x10° 1.30 x10° 2.59x10° | 0.29 | 0.58

Sitting 3.16 x10° 4.30x10° 3.13x10° | 1.36 | 0.99

Lying 5.58 x10° 4.76 x10° 1.3x10° | 0.85 | 0.23

Standing im 4.82 x10° 3.99 x10° 1.91x10° | 0.83 | 0.39

Sitting 1.19 x10° 1.23x10° | 4.10x10° | 1.03 | 0.34

Lying 2.23x10° 1.57 x10° | 4.00x10* | 0.70 | 0.18

C Standing 2m 7.68 x10° 9.32 x10° 5.6x10° | 1.21 | 0.73
Sitting 6.43 x10° 2.55 x10° 7.5x10* | 0.40 | 0.12

Lying 1.51 x10° 4.00 x10° | 2.00x10° | 0.26 | 0.13

Standing 3m 1.65 x10° 8.00 x10* 55x10° | 0.48 | 0.03

Sitting 9.5 x10* 1.41x10° | 050x10° | 1.48 | 0.53

Model:

The phase shift between the chest and the abdomen displacements was included in mathematical
model for the breathing signal. The ratios between the second and the third to the first breathing
frequency harmonics magnitude changed when the displacements of the abdomen changed. The
model was validated by recording the breathing signal reflected from a human breathing with
normal breathing and sitting, standing, or lying down at different orientation angles. This was
conducted in an anechoic chamber. The results showed that when the human posture changed,
the abdominal movements changed, and the ratios R,;and R, changed.
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Algorithms for detecting dorsal posture:

An algorithm to detect the dorsal posture has been proposed in this chapter. The data matrix was
applied to a preprocessing algorithm to remove noise from the received signal. After that SVD
was applied to remove clutter and to estimate the target range-bin. Hann window was applied to
the signal in the slow time direction at the target range-bin. After that, FFT was applied to
compute the different breathing harmonic ratios magnitude R,;and Rs;.
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Figure 6.12 ROC curve of human dorsal position detection in an office environment for 3 persons using (a) R,; (b)
R4, Ratios.
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Different experiments done:

Experiments were performed in an anechoic chamber, an office environment, and behind a 20
cm thick gypsum walls at the University of Ottawa, Ottawa, Canada, by recording the reflected
signal from a human breathing normally. The subject was sitting, standing, or lying down at
different orientation angles. Using the collected data, the performance of the proposed algorithm
in detecting the human dorsal posture was studies. After that, 27 measurements were taken in an
office environment of the subjects sitting, standing, and lying down at different ranges from the
radar. The collected data was used to study the performance of the proposed algorithm when
detecting the dorsal posture of three different subjects in an office environment.

Results:

It was found that the ratios between different breathing harmonics R,;and Rs; are higher in
sitting and standing postures than in the lying down posture. The body orientation does not affect
the results. It was also observed that the false alarms in human dorsal supine position detection
increased in an office environments and behind walls as opposed to an anechoic chamber.
However, the probability of detection was 100% with no false alarms when the threshold Thr
was 0.3 in behind the wall scenario.

Limitations:
Although, the proposed algorithm of this research can detect the human dorsal posture in
different environments, the algorithm has some limitations including:
- It was found that it is difficult to discriminate between standing and sitting postures because the
R,;and R, ratio values are overlapped in these two postures.
- It was also found that the discrimination between different human postures for many subjects is
more difficult than for one subject.

Future work:

In this chapter, a method to extract some posture information from the breathing signal spectrum
is proposed. The algorithm distinguished between the human dorsal posture and the sitting or
standing postures. However, it was very difficult to distinguish among all three human postures.
In future work, an effort will be made to distinguish between the human postures in different
environments. Also, an attempt will be made to study the performance of the proposed algorithm
behind different types of walls. The feature of changing the value of the ratios in different
postures could be combined with some other features such as the distance between the torso and
the ground/floor which was proposed in [40] to be used in a classifier with the aim of
distinguishing between different human postures.
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Chapter 7
Conclusions and Future Work

7.1 Conclusions

Human breathing detection in free space and behind the walls is significant in many
applications. In military and security applications, it is preferred to obtain all the possible
information about the number of people and their postures to estimate the situation behind
barriers. In rescue operations, it is very important to detect live people as fast as possible.
Obviously, the more time passes the less likely is to find people alive. Obviously, the earlier
survivors are detected and rescued, the lower the victim rate. In homecare monitoring
applications, the breathing rate and posture monitoring may help save elderly people who live
alone and have fallen.

The signal reflected from a human breathing behind a wall is highly attenuated and
interfered by electromagnetic wave propagation effects such as fading, shadowing, multipath
propagation, etc. UWB radar technology can overcome these problems. Although impulse,
random noise, FMCW and SFCW radars have been used in this application, PN-UWB radars
have shown impressive results in human detection behind walls. P410 PN-UWB radar produced
by Time Domain was used in experimental studies connected with this research.

The main objective of this thesis was to explore different ways to enhance the
performance of a human breathing detection system. Chapter two introduced dominant problems
which should be solved by a human breathing detection radar system. These problems are: the
clutter, multiple signals received from two targets, high errors in the estimated breathing rate,
and no posture information being available. To the best of the author’s knowledge, there is no
published research that has solved all of these problems using one radar system.

There have been a number of different techniques which researchers used to try to solve
these problems. These techniques were reviewed in Section 3. However, there are many
questions remaining to be answered.

e The SVD was used in clutter suppression by applying the SVD while keeping the
singular value that contains the target information, making other singular values equal to
zero, and by inverting SVD to reconstruct the data matrix. However, we need to know
which principal component contains the target information and on what basis the
detection threshold should be assigned. This question was answered in Chapter four by
combining the SVD and the skewness test methods. In this thesis, it was possible to
detect the target without any prior knowledge of which singular component contained the
target information. The skewness of the range profile in the slow time direction was
studied. It was observed that the value of the skewness dropped abruptly in a target
range-bin. The distribution of the skewness value of the square of the range profile in a
target range-bin did not overlap with that in a clutter range-bin allowing for a simple
detection threshold method to be applied. The method was tested to detect a human
behind a wall. The target was standing 1.5 m behind a 20 cm gypsum wall and data was
collected from two subjects in six sets of data. A total 46 measurements were collected.
The null hypothesis was not rejected when there was no target. However, target detection
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was rejected twice out of 46 measurements when there was a target. The results contained
no type | error and only 4.34% type Il error.

The received breathing signal may be composed of reflected signals from two breathing
targets. It is necessary to study, how one can distinguish between the two targets. This
question was answered in Chapter four by using the SVD method combined with the
skewness test method. As a result, it was possible to distinguish between two targets
standing in an anechoic chamber, an office environment, and behind a 20 cm gypsum
wall and separated by a distance equal to 1 m, 0.5 m, and 0.3 m between each other.

It was necessary to determine why the error of the estimated human breathing rate was
high in some scenarios. This question was answered in Chapter five. A novel
mathematical model of the human breathing signal received in PN-UWB radar was
proposed. It was noted that the magnitude of the second breathing harmonics was higher
than that of the first breathing harmonics in some scenarios. The main reason for the high
error in the estimated breathing rate was due to the second breathing harmonic. A novel
method was proposed based on zero-crossing with the time interval constraint between
each breath. The mean absolute error of the estimated breathing frequency using the zero-
crossing method was reduced by 23.13%, 33.46%, and 49.18% in an anechoic chamber,
an office environment, and behind a 20 cm gypsum wall, respectively compared with the
FFT estimator.

It was observed that not much effort has been put in remote estimation of the human
posture. However, it can be very crucial to estimate the human posture and detect fallen
people in many applications. It is important to determine how one can distinguish
between fallen people on the ground/floor and standing or sitting people. The ratios
between the second and the third to the first breathing frequency harmonic magnitudes
were used to estimate the human posture and distinguish between lying down and
standing or sitting postures.

In brief, proposed solutions to issues related to the human breathing detection behind a

wall can enhance the human breathing detection, reduce the number of false alarms, and estimate
the human breathing rate accurately. In addition, information could be provided about the human
posture in both free space and behind a wall.

7.2 Summary of Contributions

In this research, proposed solutions to the dominant problems related to human breathing

detection in both free space and behind the walls were proposed. Although state-of-the-art
attempted to solve these problems, there are many remaining issues. These include:

Reducing errors in the estimated breathing rate in some scenarios.

Extracting information about the human posture from the breathing signal frequency
spectrum.

Reducing the false alarms in the human breathing detection algorithms.

Determining what principal component contains the target information when the SVD is
used to suppress the clutter.

Distinguishing between two targets with low false alarm rate.

Below is a list of the major contributions in this research:
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Addressed the problems of the dominant second breathing harmonic in the human
breathing rate estimation application.

Extracted a feature from the breathing signal spectrum which can be used in
distinguishing between fallen people on the ground/floor and sitting or standing people.
Reduced the false alarms in human breathing detection by studying the skewness of the
amplitude squared for the range profiles at every range-bin.

Proposed a new human breathing detection algorithm based on SVD and skewness
variations that does not require prior knowledge of which principal component contains
the target information.

Distinguished between two targets separated by 30 cm in free space and behind gypsum
wall using SVD combined with skewness variations method.

The contributions from this research solve some of the dominant problems in the human

breathing detection radar systems. In this research, unanswered questions by the-state-of-the-art
were addressed and an attempted was made to propose methods that can be used to detect human
breathing in realistic conditions, distinguish between two targets. In addition attention was given
to accurately estimate the breathing rate, and distinguish between lying down posture and sitting
or standing posture.

7.3 Suggestions for Future Work

There are several different ways this research could be extended in the future. Some of

these are as follows:

Respiratory patterns vary according to the injury and victim stress level. By studying the
respiratory pattern of a human, the degree of injury and the stress level can be estimated.
Our proposed human breathing rate estimation method, as presented in this research can
estimate the human breathing rate in a short-time window and can detect the stop-
breathing or accelerating-breathing events. The results of this research could be extended
by using this information in a classification method to identify the breathing patterns of a
human behind walls and to detect a stress level mark.

The human breathing detection was studied in both free space and behind the wall. The
proposed human breathing detection algorithm reduced the false alarms. This research
could be extended by studying the human breathing detection under rubble or snow. A
goal for the future is to solve all the problems introduced in Section 2.3, introduce a new
approach to reject the false alarms, and build a rescue radar system that can provide the
rescue teams with the estimated breathing rate and a received stress mark from that
target.

Although the proposed method for human breathing detection can distinguish between
two targets, a goal for the future will be to have the ability to estimate the number of
targets behind a wall (more than two targets). As confirmed in this present research, the
main problem in multi-target discrimination is the existence of false targets which are
generated away from the real targets. The false targets are generated by multipath for the
reflected waves. One suggested solution for this problem is to combine between this
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present research’s algorithm and the algorithm presented in [32]. Any ghosts will be
eliminated by using the algorithm in [32], then the method to discriminate between
multiple targets can be applied. . Another solution is to use multiple transmitters and
receivers and apply the proposed detection algorithm.

Although the ratios between the second and the third to the first breathing frequency
harmonics magnitude in lying down posture are less than that in standing or sitting
postures in free space, an office environment, and behind a 20 cm gypsum wall, the ratios
in standing posture were higher than that in sitting posture behind the walls. This present
research could be extended by studying ratios between the various breathing frequency
harmonics magnitude behind different types of walls or under rubble. The goal is to find
the most suitable feature that can be used alone to discriminate between the different
human postures.

In our work, we have not considered the Blind Source Separation (BSS) methods to
distinguish between the clutter and targets. In the future work, we will use one of the
available BBS methods to distinguish between clutter and human targets and we will
compare between it and the SVD combined with the skewness test method.
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Appendix B

Detailed survey of the state of the art of using NB and UWB technology in detection behind walls.

Narrow Band Radar Technology (under non-realistic conditions)

Index Author Type of | Problem Technical Requirements Solutions
paper addressed [ Trang, BW SNR/Depth Method Main results
Power
(mW)

1 H.R. Chuang et | Conference P1 10-20 Center Not Available | Used clutter-cancellation circuits | Target was detected

al, 1990. [2]. frequency | (NA)/3 Feet. for microwave systems to sense | successfully.
2 GHz physiological movements
and 10 remotely through the rubble.
GHz

2 A.S. Bugaev et | Conference P1 10 Center NA/10 cm | Human was seated at a distance | Target has been detected
al, 2004. [49]. frequency | brick wall. 1m from the wall. The radar | successfully.

of 1.6 antenna was covered by antiradar
GHz coating 2m?. Mathematical model
was introduced.
3 M. Pieraccini IEEE P1 10 Center NA/1.8 m thick | Detection of breathing and | The target was detected
etal., 2008. Letters frequency | snow barrier as | heartbeat through snow using a | behind dry snow. It will be
[67]. is 2.42 | well as through | microwave transceiver. difficult with wet snow. The
GHz. 1.2 m thick roof attenuation of wet snow was
of an igloo higher.
dugout.
Narrow Band Radar Technology (under realistic conditions)
1 K-M. Chen, et | IEEE P1, P2 400 Center NA/10-ft NBCW radars used to detect | EM wave of 450 MHz was
al, 2000. Transactio frequency | thickness of | human subjects under earthquake | difficult to penetrate layers
ns [65]. 1150 rubble. rubble or behind a barrier. of reinforced concrete slabs
MHz  or with imbedded metallic wire
450 MHz of 4-in spacing. 1150 MHz
can penetrate these layers.
UWB Impulse Radar Technology (under non-realistic conditions)
G. Ossberger et | Conference P1 NA 0.33GHz | NA/Target was UWB combined with Continuous | Target was detected but not
1 al., 2004. [6]. standing 5 Wavelet ~ Transform  (CWT) | in realistic conditions. Non-
meters away method to detect human breathing | stationary clutter and NBI
behind a 20 cm behind a wall. were not in their model.
thickness wall.

2 B. Levitas and | Conference P1 NA. BW from Dynamic range | Using UWB in breathing | Detected a human and a dog
J. Matuzas, | [9]. 0.5-25 is -78 dB/ | detection behind a barrier. | behind rubble of a collapsed
2010. GHz. NA. Researcher discriminated between | building.

the two targets by the breathing
rate. The breathing rate of the dog
was higher.

3 I. Immoreev IEEE P1 240 0.33GHz | Operating range | The paper discusses using short- | Target was detected and was
and S. Magazine with from 0.1 to 4m/ | distance UWB radars in medicine | monitored heart rate activity
Samkov., [71. central target standing | and in detection behind walls. | successfully. Measurements
2005. operation 2 m behind 0.45 | Researchers used time of arrival | were not under realistic

frequency | m thickness | for detection & range gating to | conditions.
of 1 GHz. | brick wall. eliminate interference and clutter
reflections.

4 V. Chernyak, Conference P1 0.1 Center SNR received is | Used UWB multisite radar device | Very weak signal was

2006 [56]. frequency | 0 dB/ 50 cm | to detect people under rubble. detected and the position of
is 2250 thickness the target was localized.
MHz with | concrete wall.
BW of
500 MHz

5 A. Yarovoy et IEEE P1 NA BW of Dynamic range | UWB radar with large operational | The novelty of the radar lies

al, 2008 Magazine 11.7GHz | is 78 dB/NA. bandwidth was used to detect | in its large operational
[5]. and human breathing behind a wall. bandwidth combined with
receiver excellent time stability.
band is
from 1 to
12 GHz.
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UWB Impulse Radar Technology (under non-realistic conditions)

Index Author Type of Problem Technical Requirements Solutions
paper addressed ["Trans. | BW SNR/Depth Method Main results
Power
(mW)
6 J. Edgcombe, Journal P1 NA BW of NA The paper discusses the latest | Suitable operating
2008. [50]. 500 to 3 advances in through wall radar | frequency is 1 GHz.
GHz. sensing. A comparison was made | Higher frequencies have
between NB, UWB, and SAR | poor penetration
technologies. characteristics and lower
frequencies have poor
resolution. UWB and SAR
technologies can be used
for detection behind walls.
Sensor fusion can be used
to reduce false alarms.
7 Zhang et al. | Journal P1, P3 5000 Center NA/ Targets are | They used single-channel UWB | Two targets were detected
2012 [15]. frequency | standing 9 m | radar, Improved SNR by filtering | behind the wall.
is 400 | behinda30cm | and also moving  average
MHz thickness brick | subtraction, and wused space-
wall. frequency analysis to distinguish
between stationary human targets.
8 Fulerton et al., | US patent P1 NA Center NA System and method for intrusion | Higher angular resolution
2001 No. freq. detection using a time domain radar | at a low central frequency.
035,837 between 1- array. The radar detected human
[118]. 3GHz movement  around a
perimeter of a building.
9 JR. Leach et US patent P1 NA Center Receiver gain | Researchers introduced a system to | The system can detect the
al., 2006 No. freq. 60 dB/ NA detect the movement of targets and | respiration, heartbeat,
061,504 between distinguish between human and | movements of an
[16]. 0.9-5 animals behind walls. Two low | individual or an animal
GHz, BW power UWB radars were used in | using a system of 2 UWB
400 MHz. his system. radars.
10 A. Beeri, 2012 | US patent P1 NA NA NA A system comprises of multiple | The system measured the
No. 8,098, receivers and transmitters arranged | amount of activity behind
168 B2 in at least one antenna array to | walls at different hours and
[47]. detect movement of targets behind | used these measurements
walls. Sampling was provided from | in a security application or
several receiving channels. intrusion detection system.
UWB Impulse Radar Technology (under realistic conditions)
1 J. Lietal, IEEE Letter P1, P2 NA Operatin | NA/0.2 wall of UWB radar combined with 2 | The method had high
2012. [13]. g bricks and plaster | dimensional FFT was used to detect | accuracy and was easy
frequenc | coating. human breathing behind a wall. to implement.
y from
200
MHz to
1.6 GHz
2 L. Liuetal., | Journal [12]. P1, P2 NA. He 0.5 GHz | NA/human Impulse UWB radar combined with | Human breathing was
2011 referred with standing 1 m FDTD, FFT, and HHT methods to | detected. To detected
to [44] central behind 20 cm detect cardio-respiratory signatures of | heartbeat higher
freq. thickness human behind a wall. Data profiles | central operating
concrete wall. were presented in time domain first to | frequency is required.

1.67GHz

discuss the most obvious chest motion
features; then processed by one of the
three methods (FDTD-FFT-HHT).
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UWB Impulse Radar Technology (under realistic conditions)

Index Author Type of Problem Technical Requirements Solutions
paper addressed Trans. BW SNR/Depth Method Main results
Power
(mW)

3 Singh et al. | Journal [24]. P1, P2 P220 center NA/1- 1-ft thick | Target was detected | STFT was not suitable for all types of

2011. uwB frequenc | Gypsum wall and | using FFT or STFT | walls.
radarhas | y of 43 | man standing at | combined with SVD
been GHz 6.5 ft. method.
used with a|2- A 4 cm

10 dB | wooden door and
bandwid | Person is
th of 2.3 | standing at a
GHz. distance of 7.6 f
from the radar.
3- 12 cm Brick
wall. Person is
standing at a
distance of 8 f
from the radar.

4 A Conference P1, P2 NA 0.33 SNRis15dB and | Paper compared | Extract and subtract LMS gave bad
Nezirovic,et | [10]. GHz Signal-to between four methods | results.  Filter-and-Restore  Linear
al., 2007 Interference in  suppressing NBI | Interpolation method was the best and

Ratio (SIR) is 48 | from the reflected UWB | it showed an improvement factor of
dB/ NA. waveform. 12.9 dB.

5 A Conference P1, P2 NA 880MHz | NA/Results have Human breathing cross- | The highest radar cross section was
Nezirovic et | [11]. with been taken in section in the UWB | when the victim was resting on his
al., center line-of- site radar was a function of | side and facing the receive antenna.
2008. frequenc | condition. aspect angle for three | The cross polarized antenna pairs

y750 positions of the body | should be avoided.
MHz and three combinations

of antenna-pair

polarization. The paper

discussed the effect of

the human position on

detection.

6 Zhu Zhang, | IEEE P1, P2 NA BW of NA/Rubble of 1 | The paper discussed the | Configuring the rubble positions and

et al, 2013. Letters [70]. 500 m and a target 0.8 | detection of the | human was very helpful for deciding
MHz m under the pile | surrounding rubble | the optimal rescue plan.
of rubble. structure during
survivor detection using
UWB radar.
UWB Noise Radar Technology (under non-realistic conditions)
Index Author Type of Problem Technical Requirements Solutions
paper addressed " Trans, | BW SNR/Depth Methods Main results
Power
(mW)

1 J. Sachs et Conference P1 NA BW is NA/ target is 1.5 | Pseudo-Noise UWB | Researcher used the trilateration

al., 2008. [46]. 25GHz. | m behind a | Radar was used to detect | method to track the movement of the

0.18m thickness
wall.

human behind walls or
under rubble.

targets in the 2-D plane x and y.
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UWB Noise Radar Technology (under realistic conditions)

Index | Author Type of Problem Technical Requirements Solutions
paper addressed Trans. | BW SNR/Depth Method Main results
Power
(mW)
1 C. Lai PhD. P1,P2,P3 | 4 500 NA/50 cm brick Cross-correlated technique | Detected a human at a distance 10m
Dissertation MHz wall was used in the receiver to | behind 50 cm brick wall.
[60]. with obtain better ROC.
center
frequenc
y 500
MHz.
UWB Noise Radar Technology (under realistic conditions)
Index | Author Type of Problem Technical Requirements Solutions
paper addressed [ Trans. | BW SNR/Depth Method Main results
Power
(mW)
2 Q. Liuet Symposium P1, P2 316 15-45 | NA/1Om Introduced a compact | Narrow Band Interference (NBI)
al., 2012. [68]. GHz integrated 100  GS/s | was easily minimized and high
with sampling module for UWB | resolution range profile was
center see-through-wall radar. obtained.
frequenc
y 3 GHz
3 Z. Li,etal, | IEEE P1, P2 5000 Two NA/two parallel A novel method for | Adaptive clutter  cancellation
2013. Transactions radars 24 cm thick brick | respiration-like clutter | (ACC) algorithm specifically for
[69]. with wall separated by | cancellation in life | this radar was proposed to remove
center 3m. Another | detection by dual- | the respiration-like clutter reflected
operatin model is person | frequency IR-UWB radar. | from walls or rubble, especially
g and | standing 3 m | The paper was trying to | from those walls or rubble adjacent
BW from the antenna | solve the problem of drift | to the human target.
frequenc | behind bricks of | where the clutter may act
y of 400 | 2 m thickness. in a way like the human
and 270 respiration reflected
MHz waveform.
4 A.Kumar, Thesis [78]. P1, P2 NA Center NA/ 034 m | Using pseudo-random | The system showed no interference
2011. frequenc | thickness wall. | UWB radar to detect | with radio signals, low probability
y 4.3 | The target is | human behind walls or | of intercept, high resolution and
GHz and | standing 1m | under ruins. resistant to multipath interferences
BW behind  gypsum and jamming.
32GHz. | wall, 16 m
behind a wooden
door, and 1.2m
behind a concrete
wall.
FMCW UWB Radar Technology (under realistic conditions)
Index | Author Type of Problem Technical Requirements Solutions
paper addressed [ Trans. | BW SNR/Depth Method Main results
Power
(mw)
1 N. Maaref, | IEEE P1, P2 NA lto5 NA/ three | FMCW UWB radar was | The attenuation in walls had low
etal, 2009. | Transactions GHz. different types of | been used for through wall | value and the RCS of a human had
[25]. 20 cm thick | detection of human beings. | high values when the operating
walls: a hollow | Detection is combined | frequency was from 3 to 4 GHz.

brick wall, a
hollow concrete
wall with a 12
cm thick air gap,
and a solid
concrete wall.

with appropriate
differentiator and SVD
method.
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FMCW UWB Radar Technology(under non-realistic conditions)

Index | Author Type of Problem Technical Requirements Solutions
paper addressed Trans. BW SNR/Depth | Method Main results
Power
(mW)

1 L. Anitori Conference P1 25 Operating NA/2.5 m | The paper investigated the | FFT and autocorrelation methods
etal, [33]. frequency above a | use of FM-CW UWB radar | were used for target detection.
2009. of 2.4 person in free | in people life-signs

GHz, 5.7 space (LOS). detection.
GHz, 9.4
GHz and
24 GHz.
SFCW UWB Radar Technology (under realistic conditions)

2 G. Conference P1, P2 1 operating Dynamic Researchers used UWB | Results show the ability to detect
Grazzini et | [62]. frequency range is 100 | CW-SF Ground | a human lying under one meter
al., 2010. from 100 | dB/ The | Penetrating Radar (GPR) | thick debris.

MHz to 1 | debris was 1 | as rescue equipment to
GHz m thickness. detect people after collapse
of buildings.
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Appendix C

C.1 PN-UWB P410 Radar System

The key features of the radar are [79]:

- Excellent performance in high multipath and high clutter environments.

- Coherent signal processing which extends operating range.

- Direct sequential pulse sampling which allows measurement of received waveform (resultant
waveform is available to the user for ranging optimization)

- Two-Way Time-of-Flight (TW-TOF) ranging technique provides highly precise range
measurements with industry-leading update rate.

- Coarse Range Estimation (CRE) technique estimates the range from a transmitting unit by using
the received leading edge signal strength.

- UWB chipset enables low cost, small size, and low power operation.

- UWB waveform and pseudo random encoding ensures noise-like transmissions with a very small
RF footprint.

- RF transmissions from 3.1 GHz to 5.3 GHz, with center at 4.3 GHz.

- RF emissions compliant with FCC limits.

- Eachunit is a full transceiver.

- Single 3”x 3.15” (7.6 x 8.0 x 1.6 cm) board.

- USB or Serial interface.
Several sleep modes allow user to reduce power consumption.

In the following section, the P410 radar system will be described and the reasons given for its
selection.

C.1.1 P410 Radar Transmitter

The P410 Radar transmits a mono-cycle pulse with pulse width equal to 500 ps and duty
cycle transmission equal to 10 MHz. Such pulse forms are inherently broadband. Figures C.1 (a)
and (b) show the transmitted pulse in time domain and frequency domain, respectively [79].
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Figure C.1 P410 UWB transmitted pulse (a) in time domain (b) in frequency domain [79].
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Figure C.2 is the block diagram of Time Domain UWB transmitter technology. The
single bit of information is first modulated and then sent to a programmable time delay chip. The
programmable time delay unit uses Pseudo-random Noise codes (PN codes) generated from the
code generator to shift each pulse actual transmission time. This is called a Pulse Position
Modulation (PPM) scheme. After performing the time delay process, the output of the
programmable time delay unit is used to trigger the pulse generator. The output of the pulse
generator is transmitted via the antenna [78].

The transmitted waveform has a noise-like appearance. This noise-like appearance has
two advantages. First, it is unlikely that transmissions will interfere with other UWB or non-
UWB devices. Second, these transmissions are very hard for others to detect, especially at a
distance. Therefore, these transmissions have excellent Low Probability of Intercept/Low
Probability of Detection (LPI/LPD) characteristics [79].

Pulse
generator
1 Code
generator
Programmable |
time delay A
L .
Modulation
N
Clock
oscillator
Data in

Figure C.2 TM-UWB transmitter block diagram [78].
C.1.2 P410 Radar Receiver

Figure C.3 is the Time-Domain UWB receiver block diagram. The architecture of
receiver resembles the transmitter, except that the pulse generator feeds the multiplier with a
template waveform within the correlator. The input to the correlator is the received signal from
the antenna and the output of the pulse generator is triggered with the output of the
programmable delay unit as in the transmitter. The P410 radar uses a cross-correlation receiver
which multiplies the received signal with a template signal and integrates the output over time.
The receiver uses the PN code to estimate the receiving relative time. The output of the receiver
is the amplitude of the cross-correlation process and the relative time position.
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If the transmitted signal is x(t) and the received signal is y(t), then the output of the cross-
correlation process will be:

Ryx(7) = 2 f, y(Ox(t + T)dt (C.1)

where 7 is the time delay between x(t) and y(t). The information of interest is the impulse
response function of the channel which includes the transmission channel, transmit antenna,
scatter, and receiver antenna.
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Figure C.3 TM-UWB receiver block diagram [78].

If R, (7) is the autocorrelation of the transmitted signal, then the output of the receiver is the
convolution between R, (t) and the impulse response of the channel. If the transmitted signal is
the UWB signal (appears like Delta function in time domain), the output R, (t) = h(t), where
h(t) is the channel impulse response [77].

C.1.3 P410 Radar in or near Buildings

This research’s main target is to use radar that allows for human breathing detection
behind walls. There are two factors that affect the radar detection performance in or near
buildings. The first is the attenuation in the received signal through wall materials, and the
second is the multipath.

According to the attenuation problem, both the electrical and homogenous properties of
the wall must be considered. Attenuation of the signal is dependent on the electrical properties
and on the number of objects that will scatter the signal. Interfaces can be any form of man-made
objects, different kinds of materials in the wall or other interfaces [60].
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Other factors responsible for limiting radar’s depth of penetration include wall thickness
(sometimes referred to as the wall effect) [60], reflection coefficient of the medium [119],
moisture level [120], presence of magnetic materials in the area of interest [121] , and the choice
of frequency band to be used. The rule of thumb applied here is that the higher the operating
frequency, the better the resolution but the worse the penetration depth [122,123,124,125].

In the case of detection behind the walls, if we set the penetration requirements to those
of brick walls with a total thickness up to 40 cm (in one way propagation), then an operating
frequency from 1.6 to 2.4 GHz or from 3 to 4 GHz gives good penetration performance [64].
The radar cross section of a human target has its highest value in the frequency range from 3 to 4
GHz [25]. However, decreasing the center operating frequency below 1 GHz results in
increasing the received SNR [26,34]. Typical building materials used in walls can vary from
plasterboard or thin smooth concrete with attenuation (at, say, 2 GHz) of 1-2 dB to dense brick
with attenuation of several tens of dB. The receiver operating characteristics (ROC) curve in [60]
shows the lowest probability of detection when the target is standing behind a wet brick wall.

The system has to cope with the different types of building material used. The P410
operating band is from 3.1 GHz to 5.3 GHz with center frequency 4.3 GHz. For that reason,
P410 radar is suitable for our application.

According to the multipath problem, P410 radar can resolve multipath and detect small
movements in highly cluttered environments. Some of the reflected signals from multipath
interfere constructively and some interfere destructively. P410 radar uses multipath to enhance
the received signal strength by detecting the strongest signal present.

128



