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Abstract

Contactless breathing estimation using radars has been explored since the 1960s and an accurate
system with the ability to continuously monitor the health of non-critical patients without
obstructing their day to day lives could significantly improve their well being. The current state
of the art in this area does not have the accuracy required to work in a real-world environment
and many of the existing methods have been tested only under very controlled situations. Low
performance of breathing estimation algorithms under different scenarios inspired us to improve
breathing estimation algorithms and develop a system for automated analysis of large number of
algorithms against data from the reference sensors. A novel accurate breathing rate estimation
method and a system to use multiple algorithms on the same set of data in real-time and identify
the best performing algorithm dynamically to report breathing rate have been proposed in this
thesis. In addition, automated data-collection and processing frameworks were developed to
collect a large amount of data and process them and generate reports automatically. The proposed
system has been tested under multiple test-cases involving multiple subjects and the accuracy of
both new and existing algorithms have been evaluated by comparing the results with reference
data collected using a respiration belt. The mean absolute error rate of breathing rate estimation
after conducting experiments for a total of 9 subjects was found to be 0.79 breaths per minute
for the novel CEEMD based method presented in this thesis. The mean absolute error rate after

applying the scoring algorithm to select the best performing algorithm is 0.78 breaths/minute.
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Chapter 1

Introduction

1.1 Motivation

Continuous, real-time and non-invasive sensing of vital signs have the potential to improve a
person’s well being. This is especially true if the person is elderly and/or have medical conditions
that requires them to be monitored continuously. Making a contactless system robust enough to
be able to do this task with minimal human or physical intervention would have the ability to
ease the day to day life of those who are being monitored.

Radar technology has been explored in estimating respiration since the 1960s [1]. However,
it has not been used in a commercial application successfully and most research work are
constrained to testing radars under laboratory environments and many studies are limited to only
a few experiments conducted under very controlled environments. One of the main focuses during
this thesis work was to develop a system that can be used in real-world situations incorporating
existing and novel algorithms with the ability to collect, process and send respiration information
to caregivers automatically.

Figure 1.1 shows a summary of the motivation behind this research work and its outcomes.
As seen on Figure 1.1, the major issues with existing algorithms are their lack of accuracy
in realistic environments which limits them from being used in such environments. It was
also identified during this work that a single algorithm can not provide accurate results for
breathing rate estimation in all cases as most of the algorithms perform well in very specific
situations. Therefore a system to analyze the results from multiple algorithms over time (Section

3.2.4) was developed and this system selects the best performing algorithm dynamically to



report the breathing rate. In addition to existing algorithms, a novel ensemble empirical mode
decomposition based algorithm was developed to estimate breathing rate and this algorithm is
also included in the scoring system that selects the best performing algorithm. Most research
work does data processing separately after collection and since this is not suitable for a system
that could be used in a real-world situation to monitor humans, the ability to collect and process
the data simultaneously was built in to the final system developed using Python™ and Matlab®.

A very large number of test-cases are required to test a system under multiple test cases in
real-world situations. If the analysis for the performance of a system using multiple algorithms
on multiple test-cases was done manually, the researcher(s) would have to spend a lot of time just
collecting, labelling and processing the data. To avoid this, an automated system was developed
to collect, label and save data both from radar sensors (Compatible with both radar sensors used
in this thesis and compatibility for other sensors can be added easily due to the modular nature
of the application) and a reference sensor such as a respiration monitoring belt. Two separate
applications (A Matlab® based system to generate ‘pdf” and ‘csv’ reports and the Python™ based
real-time application described above was modified to give it the ability to analyze saved data
files and generate ‘pdf’ and ‘csv’ reports instead of running in real-time mode) were developed
which are able to load the saved radar data and reference data files and generate reports for

multiple test-cases automatically.
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Figure 1.1: Motivation behind research and outcomes

1.2 Contributions

The following research and development based contributions were produced during this thesis

work:
1. Research based contributions
* A novel ensemble empirical mode decomposition based algorithm (described in

Section 3.2.2) for estimating breathing rate.

* A scoring algorithm capable of selecting the best performing algorithm dynamically.

(Section 3.2.4)

* A research paper [2] was published in the 2017 IEEE 60th International Midwest
Symposium on Circuits and Systems (MWSCANS) in collaboration with Z. Baird,
M. Bolic and S. Rajan, and two more publications are currently under development

based on the work presented in this thesis.

2. Development based contributions



A commercially deploy-able system with a Python™ based application (described in
Section 3.6) capable of collecting data from a radar (compatible with two different
radar models as described in Section 2.1.1), processing the data using multiple
algorithms, estimating breathing rate and sending the results to a local GUI and a

cloud server.

* An automatic data collection application with the ability to collect data from multiple
sources such as radar, reference from a breathing belt, camera, was developed to
collect and label data pertaining to multiple test-cases without having to manually
collect and label data files. The collected data is also automatically synchronized
with each other so that during processing, the reference data can be compared to the

estimations easily. (Section 3.3)

* Two automatic data processing applications capable of generating reports about the
performance of algorithms in estimating breathing rate with the ability to run a large

amount of data files and generate multiple reports at once. (Sections 3.5 and 3.6)



Chapter 2

Background

Breathing rate estimation using radar sensors usually involves the following steps:
* Pre-processing the data to remove noise/clutter.
* Identifying the location of the subject.
* Estimate breathing rate.

This chapter provides an introduction about how the radar systems used in this thesis works
(Section 2.1.1) and a background about the existing methods/algorithms used for physiological
measurements using radars.

Section 2.2 introduces how noise/clutter is removed in radar signals and how the location of
the subject can be estimated and Section 2.3 shows several methods to estimate breathing rate

using the extracted signal from the subject location.

2.1 Radar technology in physiological measurements

Radar technology has been used to sense physiologic movement since the 1960s [1]. However,
limitations and cost of hardware and lack of proper robust algorithms limits the use of such
research in mainstream commercial applications. Recent advances in microcircuit fabrication
and wireless technology is enabling the cost of radar sensors to reduce and advances in signal
processing and machine learning techniques would enable radar technology to be used for

reliable respiration monitoring in the near future.



Respiration monitoring using radar technology has been explored about mainly using two

types of radar sensors:
¢ Continuous wave (CW) radar
e Pulse radar

In this thesis, the use of Pulse radar is explored for respiration measurement and continuous

wave radars are not discussed in this work.

2.1.1 Pulse Radar

A pulse radar operates by emitting a short pulse and then receiving the echo signal in the silent
period. Unlike a continuous wave radar, the transmitter is turned off before the measurement is
finished. The transmitted pulse consists of very short transmission pulses (typically in durations
of few ns) and comparatively large pauses between each pulse transmission (typically in durations
of few ms) which are used to receive the reflected pulses [3]. The small time duration of the
transmitted pulse and its shape means that the transmitted signal has a very wide band-width in
frequency domain and hence these types of radars fall into the Ultra-Wide-Band (UWB) radar
category. The FCC defines UWB signals as those that occupy a 10-dB bandwidth of greater than
500 MHz band-width or larger than 20% fractional bandwidth over the unlicensed frequency
range of 3.1-10.6 GHz, where fractional bandwidth is defined as shown in equation 2.1

9 _
Fractional Bandwidth = M 2.1

fo+ fr

where fy and f1, are the upper and lower frequency limits respectively, of the 10-dB band-
width [4]. The FCC also requires that the power emission levels of the UWB signals within
the UWB spectrum of 3.1-10.6GHz must be low to avoid interference with other technologies
operating in the same frequency bands and requires the maximum allowed power spectral density
(PSD) not to exceed -41.25 dbm/MHz [5]. This limited emitting power presents a serious
challenge to UWB systems as they are operating in a band of operation with other devices such
as Wireless Fidelity (WiFi) [6] and these RF systems sharing the same bandwidth usually have a

much higher transmitting power. This low RF emitting power requirement limits UWB systems



to work only within short ranges, making it suitable to employ minature CMOS RFICs whose
RF power capability and dc power consumption are relatively small [5].

Compared to CW based systems, UWB impulse systems have many advantages such as:

1. Fine resolution and long range: A UWB system by it’s definition enables fine range-
resolution because the range resolution is inversely proportional to the bandwidth. The
presence of low and high frequencies enable long range as compared to a CW system
containing only high frequencies. While similar range-resolution and range can be achieved
by a CW based system operating in similar bandwidth and frequencies, it is not practical

or economical to realize an extremely wide-band CW system [5].

2. High multi-path resolution and low interference with other existing signals: The
transmit energy spectral density of UWB impulse systems are typically much lower than
CW systems since the total energy is spread over a very wide frequency range. Hence a
UWB impuse radar is unlikely to interfere with any other existing signal. The impulse
signals are also very short in time-domain and hence the multi-path signals have a very
short time-window of opportunity to collide with line of sight signals and less likely to

cause signal degradation.

3. Simple and low-cost architecture: UWB impulse systems can be implemented with a

simpler architecture than wide-band CW systems [5].

The UWB impulse radars used in this research also has an added advantage of using coherent
signal processing which enables the systems to sum the returns of several pulses as systems with
coherent processing maintains the phase information of each pulse. This gives the radars used in
this research the added advantages of increased operating range and SNR [7].

UWB impulse radars work by transmitting an impulse (The word impulse is loosely used.
The transmitted signal is not truly an impulse but a pulse with very narrow pulse width in time
domain) signal modulated by a carrier frequency. Gaussian-like impulse, doublet pulse and
monocycle pulse are typically used in UWB pulse radar systems [5].

A Gaussian impulse can be expressed as shown in Equation 2.2.

p(t) =a-exp < - ﬁ) (2.2)

2
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Where a is the maximum amplitude and 7}, and o, are the duration and the variance of the
Gaussian pulse respectively.

Such a pulse is then modulated using a high frequency carrier signal and this process is
illustrated in Figure 2.1 and Figure 2.2 shows a block diagram of a typical UWB pulse transmitter.
It consists of a pulse generator and a digitally controlled modulator circuit that controls the
timing or polarization of the transmitted pulse signal (Out of the two radar modules used in this
research, only the X4M03 module by Xethru® has the ability to transmit bi-phase pulses, i.e.
"Data In" signal alternates between 1 and O for transmitting pulses with 180 degree phase shift
between each other). A local oscillator determines the pulse repetition frequency (PRF) of the
UWB impuse signal and the Pulse Generator produces a pulse signal with a desired waveform
such as a Gaussian pulse.

The transmitted signal in time domain after these steps for the ¢th frame is given by Equation

232

si(t) = p(t —iTy) - cos(2m f(t — iTY)) (2.3)
fe | Carrier frequency
where, f, | Pulse repetition frequency

Ty | Duration of frame 7 = fi
p

Let us define a local frame time variable ¢; as ¢t = t; + i1y with t; € [0, T¥| to simplify

Equation 2.3. The transmitted signal for frame ¢ can now be written as;

si(ty) =p(ty) - cos(2mfety) (2.4)

Figure 2.3 shows the block diagram of a typical UWB receiver circuit which consists of a
low-noise amplifier (LNA), a correlation circuit and a template pulse generator. The oscillator
drives the pulse generator and determines the pulse repetition frequency (PRF) of the UWB
impulse system. After passing the LNA the received pulse is coherently correlated with the
template pulse generated by the pulse generator through the correlator and the input pulse is then

converted into a baseband signal in a single stage just using the correlator which reduces the

!'Source: Design of CMOS RFIC Ultra-Wideband Impulse Transmitters and Receivers. Cam Nguyen, Meng
Miao
2 Any amplification stages before transmission are ignored when expressing this equation to maintain clarity.
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Figure 2.2: Block diagram of a typical pulse UWB transmitter!

system complexity. The time domain and frequency domain representation of such a signal after

the baseband conversion can be found in Figure 2.4.
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Figure 2.3: Block diagram of a typical pulse UWB receiver’

The returned signal from a single target for the ¢th frame is given by Equation 2.5 [8].

Ti(tf) == C:R$ . L(tf) . Si(tf — T(t))

= Gro - L(ty) - p(ty —7(t)) - cos(2m fo(t; — 7(1)))

(2.5)

3Source: Design of CMOS RFIC Ultra-Wideband Impulse Transmitters and Receivers. Cam Nguyen, Meng
Miao
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Figure 2.4: Time and frequency domain representation of a complex baseband signal after

down-conversion

Gr. | Receiver amplifier (LNA) gain.
where, 7(t) | Propagation delay equal to the radar pulse round-trip time

L(t) | Free space loss

and,

() = 2-R(t) 2-R(ty+ily) 2.6)

R(t) | Range to target
where,
c Speed of light

And the free space loss L(t) is given by L(t) = % where P, and P, are the transmitted
power and the received power respectively.
The received signal power P, from a target at the LNA input is given by equation 2.7 [9]

2
. PthGr)\ g (27)

" (4m)PRIR
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G | Gain of transmitting antenna

G, | Gain of receiving antenna

A | Wavelength of the radar carrier signal
where,

o | Target equivalent radar cross section (RCS) (i.e. radar cross section of target)

R, | Range from transmitting antenna to the target

R, | Range from receiving antenna to the target

As both antennas used in this thesis (X4A02 Antenna for for the X4MO03 module and
Sinuous antenna module for Ancho" radar module as described below) are in monostatic
configuration [10, 11], R; and R, are nearly identical, hence let’s replace R; and R, with R, and
similarly GG, can be replaced with GG, where Gr, is the receiver LNA gain as described
above. Since the targets are moving R will be a time-dependent function R(t). Equation 2.7 can

be modified as;

P.G*N’0G g,
P.(t) = ——=—1 2.8
Hence, the free space loss L(t) can be rewritten as;
G? N0
Lt) =\ —=— 29
(®) (4m)3R(t)4 29)
Plugging all of this into Equation 2.5 gives;
G2 N0 2-R(ty+iTYy)
ri(ty) = Gre *\| 73 'P( f—

"COS {Zch(tf— Q.R(tfc—HTf)ﬂ

The signal is sampled at (5 + nT;) where ¢, is the frame offset time defining the minimum
range of the radar, 7 is the sampling period (A conventional ADC is much slower to achieve the
required sampling rate for a radar, therefore, both radar modules used in this thesis uses multiple
parallel samplers to achieve high sampling rate) and f; is the sampling frequency (i.e. T = i)
andn =0,1,2,... N — 1 where \V is the number of samples to be recorded for each frame.

12



2- R(t, T, +:T
ri[n]—ri(ts+nTs)—GRx-L(ts+nTs)-p(ts+nTs— (b + T +1 f>>
c

2. R(ts+ nTs + @'Tf))}

c

2.11)

- COS [27r fe (ts +nT, —

Next the complex base-band conversion mentioned above is performed by multiplying 7;[n]
with a complex phasor with the same frequency as the radar carrier frequency. The base-band
signal r; pp[n] is; [8]

ripp[n] = riln] - exp(—j27 fe(iTy + nTy)) (2.12)

The radars used in this thesis also has a feature where each data frame is recorded by sending
multiple frames repeatedly and summing up the received result over time. As explained before
this is possible because of coherent signal processing and this improves the signal to noise ratio.

An important concept in explaining UWB pulse radar signals is the concept of slow-time
and fast-time. Slow time is the time between each pulse(If only one pulse is used without pulse
integration as described in the previous paragraph) and the fast time is the time between each
sampling instance on the receiver. Consequently, fast-time corresponds to the distance of an
object from the radar. Some more details about slow-time and fast-time can be found at the end
of this section in Figures 2.6 and 2.7.

The following two models of pulsed radars were used in this research:
e FlatEarth Ancho™ Radar module*
* Xethru®X4MO03 custom sensor development platform 3

The FlatEarth Ancho module consists of a Xethru®X2 radar SOC, Sinuous antenna, and a
Beaglebone 'Black single board computer. The Xethru X2 chip directly connects to the SPI
interface of a Beaglebone"Black SBC and a USB interface is provided to get data to a computer
connected to the SBC. The Xethru®X2 SOC uses a concept called strobed sampling in which the
back-scattered electromagnetic waves are sampled after a given time offset which represents the
time-of-flight of the signal relative to the time of pulse transmission [12]. Xethru®X2 SOCs use

256 parallel samplers where each sampler is triggered at a different time offset and this increases

“https://store.flatearthinc.com/products/ancho-radar-development-kit-sinuous

Shttps://www.xethru.com/xethru-development-platform.html
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the spatial resolution of the radar. Figure 2.5 shows a pulse generated by the X2 SOC in time

and frequency domain. The sampling rate of the radar can be calculated using equation 2.13

Nsam ers
F, = —samplers (2.13)

tdelayline

Where Nggmpiers stand for the number of parallel samplers (256 for the X2 SOC) and ¢ is
the total delay time of the sampler’s line [13]. With £ ~ 6.5 ns, the sampling rate of the radar
(Intra-frame sampling rate) can be calculated as F; ~ 40 GS/s.

The pulses are generated using an internal pulse generator and the pulse shape and bandwidth
can changed by selecting one of 11 pulse generators available in the X2 SOC. The pulse shape
used in this research is shown in Figure 2.5°. This pulse shape was used as it matches the
recommended operating frequency range of the sinuous antenna used with the Xethru® X2

SOC [11]
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Figure 2.5: Pulse generator output of FlatEarth Ancho™radar

The radar SOC (Xethru X2) transmits pulses at the pulse repetition frequency (PRF) (100Mhz
in this case) and the sweep controller is configured for bi-directional sweeping, i.e. one sweep will
range from DACMin(minimum DAC value) to DACMax(maximum DAC value), incremented
by the DACStep(increment from one DAC value to the next). Therefore after receiving the radar
frames from the radar SOC the data has to be normalized in order to get similar data (amplitude

wise) irrespective of the radar settings. The normalization is done according to equation 2.14 to

A different pulse shape was used for a few experiments but for the sake of simplicity, it is assumed that all
experiments used the same pulse generator
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get a DAC count between 0 and 8191 and equation 2.15 can be used to convert the value into a

voltage [12]

DA
NormalDACCount = DACCount - CStep : + DACMin  (2.14)
PulsesPerStep - Iterations
1.04
NormalVolt = NormalDACCount - <81—%1) (2.15)

This normalization procedure is only needed for the Xethru X2 SOC powered FlatEarth
Ancho™ module as the normalization is not done internally and the Xethru® X4M03 module
normalizes the data internally and gives out the normalized output through it’s serial interface.

The Xethru®X4MO03 module consists of a pair of directional patch antennas with integrated
WiFi filter, Xethru X4 radar SOC, and an Atmel®SAMS70 microcontroller for controlling the
X4 SOC and communicating with external devices connected through a USB interface. The X4
SOC also transmits a pulse and samples it through multiple parallel samplers similar to the X2
SOC. However, the X4 SOC is capable of generating bi-phase pulses (Pulses with 180 degree
phase shifts) and an optional down-conversion step for filtering and decimating the sampled RF
data to complex base-band data.

Both radar modules used in this research are compliant with FCC (Federal Communications
Commission in USA) and ETSI (European Telecommunications Standards Institute) standards
[14]. The FCC ID and Industry Canada (IC) certification numbers for the Xethru X4 radar
module are: FCC ID: 2AD9QX4MO02, IC Certification Number: 22782-X4MO02. Table 2.1
presents some common differences and similarities between the two radar sensors and as seen
on this table, both radar sensors have very similar features. However, even-though the research
was started with the FlatEarth Ancho radar kit, the lower price and better performance of the
Xethru X4MO03 radar chip which was released in 2017 motivated the inclusion of the X4MO03
radar in the final system and data collection experiments.

The data from both aforementioned radar modules are received as individual frames and
each frame consists of an array of numbers with each number corresponding to the amplitude
of the received signal at given time instances. These time instances correspond to distances as
explained above and each frame is saved as a 2D Matrix with the first column corresponding to

the timestamp at which the radar data was received. For the remainder of this thesis, the time
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Table 2.1: Comparison of the two radar modules used for this research

Parameter Flatearth Ancho radar dev. kit Xethru X4M03 radar
Radar type Ultra wide band Ultra wide band radar
Bandwidth 6.0-8.5 GHz band 6.0-8.5 GHz band

Special features

Includes a Beaglebone Black single

Atmel ARM microcontroller for

board computer (SBC) limited onboard processing
Connectivity Can be connected to a computer | Can be connected to a computer or
through USB a SBC
Range Up-to 10m range Up-to 10m range
Other comments | Sampling rate reduces with range | Sampling rate does not reduce with
range
Price US$ 3,700 US$ 399

Fast time

Timestamp(ms) Distance dl d2 d3

d(N-4)

d(N-3) d(N-2) d(N-1) d(N)

S 257.65 887140 887980 892800 893870 894400 889620 883990 884000 888820
340.6 886690 887540 892410 893480 894120 889080 883550 883680 888740
I 426.03 886860 887640 892390 893500 894330 889610 883820 883710 888520
0] 509.94 886640 887410 892170 894370 889580 883650 883560 888480
w 609.93 886470 887120 891810 892970 894400 889550 883680 883540 888290
694.12 886360/ 887030 891890 893120 894260 888990 882980 883240 888450
t 64917 885780/ 886450 891160 892340 892490 887970 883150 883670 888110
m 65004 885640/ 886490 891140 892290 892370 887720 882970 883590 888230
65088 885800/ 886550 891290 892390 892370 887820 882980 883580 888170
E 65172 885770/ 886580 891230 892450 892470 887710 882870 883480 888270
65257 885590/ 886370 891150 892370 892460 887780 882780 883420 888220

Figure 2.6: Data format used for collecting data from the radar module

Fast time
Distance d1 d2

Timestamp(ms

d(N-1)

254.127.0195e-06+2.1557e-06i

5.7537e-07+6.0299e-06i

-0.00021081+0.00019418i

-3.9731e-05+0.000357i

S 269.96.1373e-08-2.1711e-05i -2.6851e-07-2.3958e-05i -0.00020656+0.00023399i -2.6444e-05+0.00040573i
| 276.64 3.7821e-06+5.3087e-06i -1.6601e-05+5.3394e-06i -0.00020371+0.00024688i -3.7606e-05+0.0004245i
o] 281.08-2.4434e-05-4.8791e-06i -2.2593e-05-3.8435e-06i -0.00021681+0.0002391i -3.1691e-05+0.00041293i
W 311.97 3.4522e-07-2.089e-05i -9.812e-06-1.1362e-05i -0.0001923+0.00022037i -2.8845e-05+0.00039308i
357.11 6.6052e-06+1.0679e-05i -9.8196e-07+1.8542e-05i -0.00020202+0.00022329i -3.4054e-05+0.00038985i
t 415.68 -5.5466e-06-2.57e-06i -2.8431e-05-6.3751e-06i -0.00019217+0.00021679i -1.855e-05+0.00038089i
m 65039 -2.4733e-05-2.9689e-06i -2.7579e-05+4.9712e-06i -0.00019696+0.00023495i -1.5489e-05+0.00039882i
e 65097 -3.4752e-06-1.4453e-051  -1.723e-05-1.7576e-05i -0.00016443+0.00021139i -2.6467e-06+0.00037095i

65159 -1.0142e-05-1.4162e-05i
65222 -1.9946e-07+2.2585e-05i

-1.9816e-05-2.5777e-06i
-2.3467e-05+1.4215e-05i

-0.00020235+0.00023793i
-0.00016588+0.00021666i

-2.6275e-05+0.0003949i
-1.6059e-05+0.00038757i

Figure 2.7: Data format used for collecting data from the Xethru X4M03 module

instances within each frame are referred to as fast time and the times between each frame are
referred to as slow time. An example of the data format corresponding to the X2 and X4 SOCs

can be seen in Figures 2.6 and 2.7.
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2.2 Noise and stationary clutter reduction

2.2.1 SVD based clutter reduction

The data generated using radar reflections include background clutter that makes detection of
a person difficult without removing such clutter. Singular value decomposition (SVD) based
clutter removal can be used for identifying and removing such clutter [15,16, 17].

The radar data for a specific time window are organized as a M x N matrix where M is the
number of recorded frames (slow time) and N is the number of points (range bins) in the fast
time direction. The number of frames M is assumed to be greater than or equal to the number of
range bins for a sufficiently large time window. Let X be the matrix of radar data organized as

an M x N matrix, singular value decomposition of X is given by (2.16).

X =UsvVT (2.16)

Where U and V are M x M and N x N matrices respectively with UTU = VIV = VV7T =
Iy, and S is a diagonal matrix consisting of the non-negative square roots of the eigenvalues of

XTX in decreasing order of value and they are called singular values.

S = diag(al,og, Ce ,O’r)

op>09> 20,20

Therefore, if rank(A) = r,0,41 = 0,42 = -+ = oy = 0.The columns of U and V" are

called the left and right singular vectors. Equation 2.16 can be expanded as;

X =0 | (...Uf...)—f—az Us (...UQT...>+"'+UT Uy (UTT)

r
= E O'iuz'U,L-T
i=1

:M1+M2+M3++Mr
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Where M; are matrices of the same dimensions as X and are called as modes or ith eigenimage
of X. X can be decomposed into three subspaces corresponding to clutter (M), target (M;) and

noise (M,,) [15],

X =M.+ M, + M, (2.17)

Verma et al. in [15] states that M., M; and M, can be estimated by 2.18,2.19 and 2.20

respectively

M, =M, = oy X u; x v} (2.18)

M; = My = 04 X ug X vi (2.19)

M, => oy xu; xvf (2.20)
=3

Verma et al. in [15] mentions that the target signal is contained within the second Eigen
image and therefore the target signal can be extracted by using the second Eigen image. However
it was noticed that in most cases some of the target signal is also contained in the 3rd, 4th and
other subsequent Eigen images and thus some of the signal is removed as noise when using only
the second Eigen image. Therefore just removing the first Eigen image and using the remaining
components provided better results overall than just using the second Eigen image. Figure 2.8
shows the raw signal from the radar before and after SVD based clutter removal. In the plots in
Figure 2.8, the x and y axes are distance and amplitude respectively and each frame (a frame
corresponds to a row in the radar data matrix) is drawn on top of each other. 7.e. time is drawn in
the 2 axis.

The radar data shown on Figure 2.8 corresponds to a situation where the person is located at
a distance approximately 1m away from the radar. As seen on this figure, the location where the
person is in is clearly visible in the radar data after the SVD based clutter removal.

Verma et al. in [15] analyses the use of SVD based clutter removal and reports a PSNR value
of 23.6dB for SVD based clutter removal. PSNR is a metric used to compare data before and

after noise removal and [15] defines this metric by equations 2.21 and 2.22
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PSNR(dB) = 10log(1/MSE) (2.21)

N M
1

MoE= 2 3) = F9)) 2.22
SE= 9w ;;{gw £, )} (222)
Where, ¢(i,7) is the original radar data matrix and f(i, j) is the reconstructed radar data

matrix after clutter reduction. And M and N are the dimensions of the radar data matrix as

defined in the beginning of Section 2.2.1
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Figure 2.8: Radar data before and after SVD clutter removal

After the SVD based clutter removal the location of the subject can be simply identified by

selecting the range bin corresponding to the maximum signal amplitude through time.

2.2.2 Identifying the presence of a breathing-like signal

[18, 19] proposes the idea of calculating the autocorrelation of the signal obtained from a

candidate range bin (i.e. a single column from the radar data matrix defined in Section2.2.1) and
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using the width of the autocorrelation main lobe centered around zero to identify the presence
of breathing-like signals. The algorithm presented by Khan et. al. in [18] proposes that the
autocorrelation main lobe width is approximately three times wider when the person is stationary
and breathing compared to when the person is not-stationary. The publication shows two figures
of the autocorrelation of the detected signal when the person is stationary versus moving and
the figure corresponding to a stationary human shows the autocorrelation function of a perfect
sinusoid. However, as shown in Section 3.1.2, the human breathing signal does not follow a
perfectly sinusoidal waveform and a new method based on [18] is presented in Section 3.1.2.
H. Guo in [20] suggests using a neural network classifier trained on noise versus life signal
in frequency domain to identify the presence of a breathing-like signal. The inputs to the NN
classifier are 50 points of the frequency spectrum of the received signal and the network consists
of a single hidden layer of 10 nodes. This network would perform well if the breathing signal is
constrained to a fixed range of frequencies but its performance will degrade when the breathing
signal is within a frequency range that the network was not trained on. The rationale behind
this is that the network is a single layer NN with the inputs containing amplitudes of a fixed
frequency spectrum and therefore the network is trained with higher values on a fixed range
of values corresponding to human breathing and the normalized frequency spectrum of noise
has higher values in different frequency ranges. However, if the breathing signal is of a higher
than normal (or lower) frequency range that the network was not trained on, the performance of
the NN will deteriorate as the network has not seen respiration signals corresponding to these
frequency ranges. A convolutional neural network trained to identify frequency domain features
irrespective of their position would perform better. The author does not mention this issue in
their publication and the work mainly focuses on the error rate of classification corresponding to

different signal to noise ratios.

2.3 Breathing rate estimation

After identifying the range bin where a human target is located, the next task is to estimate the

frequency of the breathing signal present in the selected bin.
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2.3.1 FFT based breathing rate estimation

Analyzing the Fourier Transform of a signal is one of the most popular methods of estimating
the repetition rate of a given signal. [21] uses many FFT’ based methods for phase and frequency
estimation and also presents zero-crossing phase and frequency estimation methods.

If the signal captured from the UWB radar contained a pure sinusoidal breathing signal,
estimating the breathing rate would be as simple as estimating the frequency of this sinusoidal
signal by finding the frequency with the maximum amplitude on the Fourier transform of the
signal. But as presented in [17] the human breathing signal captured using a PN-UWB radar
contains several harmonics of the fundamental breathing signal. [17] also mentions that the
second harmonic of the breathing signal can be higher than the first harmonic of the signal and
thus a simple method of taking the frequency value with the highest magnitude would lead to
obtaining a breathing rate that is twice the breathing rate of the subject. Since both the abdomen
and the chest move when a human is breathing, the signal captured contains components from
both of these movements. As presented in [17], the signal captured from a UWB radar can
be modeled using equation 2.23 where m.(t) and m,(t) are the movements of the chest and
abdomen respectively and, dj is the distance to the target from the UWB radar. Further, c; are the
harmonic components of chest displacement and a; are harmonic components of the abdomen
displacement and f;, is the breathing frequency.P and () represent the number of significant
components of the chest and abdomen displacement respectively.

d(t) = do +me(t) + mq(t)

P 0 (2.23)

=dy+ Elcisin(mebt) + Elajsin(%rjfbt)
As seen from equation 2.23, since the signal contains harmonic components of the fundamental
breathing frequency, summing up multiple harmonic components of the breathing signal after ap-
plying some “operation” to the frequency components and getting the frequency component with
the maximum magnitude value would result in obtaining the fundamental breathing frequency.
This common step behind most FFT based breathing rate estimation algorithms is presented in
Algorithm 2.1

The operation applied in the function FN in Algorithm 2.1 is as follows:

"Fast Fourier Transform
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Algorithm 2.1 Common operation behind most FFT based breathing rate estimators.

Input:
SIGNAL: Time-domain signal corresponding to the subject location
1: DFT = FFT(SIGNAL) > DFT stands for the discrete Fourier transform spectrum
2: for i < 1 to - xnumber of FFT points do
3 result(i) = YL FN(DFT(j x 1))
4: end for
5: function FN(xz)
6: result = apply some operation to =
7: return result
8: end function

* Rectangular moving window algorithm: select a window of four points around x (i.e.select

DFT(i x j+1)wherel = —2,—1,0, 1, 2)and sum up the values in the window.
e Sum squared algorithm: result < 22, i.e. result = DFT(i x j)?
¢ Shannon energy based algorithm: result < —x? x log(x) where x = DFT(i x )
¢ Log entropy based algorithm: result < log(x)? where x = DFT(i x j)

A FFT based Ellipse fitting algorithm introduced in [22,23] and used by [24] has also been
tested in Chapter 4 and even though it gives satisfactory results for time windows of around
60 seconds or more (This corresponds to the total time of the signal and not the shift window
of the ellipse fitting algorithm as described in [24]), when the time window gets narrower, the
results degrade and tend to pick up sub-harmonics. Chang Li in [24] uses the Welch periodogram
introduced by P. Welch in [25] to identify the breathing frequency by observing the frequency
corresponding to the maximum peak in the Welch Periodogram. The rationale behind this is
because the Welch periodogram performs better than purely Fourier transform based methods in
instances when the signal is non-stationary because the Welch periodogram is calculated by time
averaging over short, modified periodograms [25]. This method has also been explored in this
thesis and the results are available in Section 4.3. A notch filter based algorithm where a notch
filter is applied to remove harmonic components of a possible breathing rate as described in [17]
was also tried out and the results can be seen in Section 4.3.

Even-though these algorithms perform relatively well when the breathing signal follows the
model defined in equation 2.23, when sub-harmonics of the breathing rate are present in the

breathing signal, the frequency summation algorithms similar to algorithms defined by Algorithm
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2.1 fail as they tend to amplify sub-harmonics instead of the component corresponding to the

actual breathing rate.

2.3.2 Zero-crossing method for breathing rate estimation

The zero-crossing algorithm presented in [17] is different from the pure frequency domain algo-
rithms because it analyzes the signal in the time domain and determines the cut-off frequencies
for a band-pass filter to apply on the signal as shown in algorithm 2.2. The signal after applying
the band-pass filter is analyzed in the frequency domain to obtain the breathing rate in this

algorithm. A simplified description of the zero crossing algorithm is shown in algorithm 2.2

Algorithm 2.2 Simplified Zero-Crossing algorithm

Input:
Signal y(t) of range bin corresponding to the person location.
Threshold multiplier S(typically = 1)
1: while (mean time between crossing points # time corresponding to frequency with maximum
magnitude after adaptive bandpass filter 4= constant) do
Positive threshold o, <— 3 x StdDeviation(y(t))
Negative threshold o, < —f x StdDeviation(y(t))
tupper < indices where y(t) > «,
tiower <— indices where y(t) < oy,
Remove adjacent time values from ,,,,e, and ¢;oyer
Ptzc <—Combine ;e and t,,,., and sort according to ascending ¢ and find zero

crossing points between points in £,,pe, and &joyper
Sprp ¢ interval between points in Pt ¢

: Sprp < Choose only intervals that are < 11 and > 1.5 seconds
10: > The human breathing pulse can not have a period less than 1.5
seconds or more than 11 seconds [17]

A A ol

11: Tp < mean of Sprp

12: fp=g

13: v=12 > Section 5.3.2.1 of [17] states that a y value of 1.2 gives the lowest
mean absolute error for breathing rate estimation

4 fu=

15: hi= TB+1’YUB

16: y(t) +Apply a 6™ order IIR Butterworth bandpass filter with upper cut-off f,, and
lower cut-off f; to y(t)

17: fops < frequency with maximum magnitude after applying bandpass filter.

18: if |fb — fbpf| < 0.05 then

19: return breathing frequency f, ¢

20: else

21: continue > Note that y(t) is different in each iteration due to the changing

cut-off frequencies of the bandpass filter.
22: end if

23: end while
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This algorithm also does not provide satisfactory results and in addition, the time spent within
the outer while loop as described in Algorithm 2.2 is heavily dependant on the quality of the
input signal and thus the run-time of the algorithm can not be reliably estimated for a generic
input and tends to vary heavily (between 0.4 seconds to a few seconds or more on Matlab® on an
Intel® Core i7" 6700HQ processor based system with a 16GB of RAM) and thus was not used

for real-time estimation of breathing.

2.3.3 Empirical Mode Decomposition based breathing rate

estimation

Empirical Mode Decomposition is a method for analyzing nonlinear and non-stationary data by
decomposing the data into a finite number of intrinsic mode functions that can be effectively
analyzed through Hilbert transforms as the concept of instantaneous frequency makes sense on
these intrinsic mode functions [26].

An intrinsic mode function (IMF) is a function that satisfies two conditions:

1. The number of extrema and the number of zero crossings must either be equal or differ at

most by one

2. At any point, the mean value of the envelope defined by the local maxima and the envelope

defined by the local minima is zero

The notion of instantaneous frequency presents a controversy as the frequency is usually
defined for the sine or cosine function spanning the whole data length with constant amplitude.
This means that the instantaneous frequencies also have to relate to either a sine or a cosine
function and thus at least one full oscillation is needed to define a local frequency value. For an
arbitrary time series X () the Hilbert Transform Y (¢) is defined as;

vy = 1p [~ X0
T Jo o t—t

where P indicates the Cauchy principal value. With this definition X (¢) and Y (¢) form the

dt’ (2.24)

complex conjugate pair, so we can have an analytic signal Z(t) as

Z(t) = X(t) + 1Y (t) = a(t)e®® (2.25)
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where,

a(t) = [X2(t) + Y212, 6(t) = arctan(%) (2.26)

The instantaneous frequency of a signal can then be defined as shown in equation 2.27 where
6(t) is the instantaneous phase of the signal.
do(t)

= — 2.27
w=— (2.27)

As the instantaneous frequency given in equation 2.27 is a single value function of time,
at any given time, there could be only one frequency value. This introduces the concept of
a ‘monocomponent’ signal and according to [26], the intrinsic mode functions obtained after
empirical mode decomposition involves only one mode of oscillation. Therefore an IMF is not
restricted to a narrow band signal but still a signal that can be used to evaluate instantaneous
frequencies. Hence, EMD can be used for decomposing the radar reflected signal from a human
and identify its individual components such as heart beat, respiration, noise etc. In addition this
also allows the calculation of instantaneous frequencies of such signals.

The EMD algorithm works by extracting intrinsic mode functions step by step in an empirical
manner. The process of extracting an IMF involves a procedure called sifting. The sifting process

is as follows:
1. Identify all the local extrema in the data
2. Connect all local maxima by a cubic spline as the upper envelope
3. Repeat the same procedure for local minima to produce the lower envelope

If the mean of the upper and lower envelopes is m;, the difference between the data and m;

is the first component 5

X(t)—m1 :h1

In the next step the same procedure is repeated after treating i, as data

hl —mi = h11
After repeated sifting up to k times, h; becomes an IMF,
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hl(k—l) — myg = hyy,

Then, hyy is designated as the first IMF component of the data, i.e. ¢; = hqy
The stopping criteria of the sifting process as proposed in [26] is to stop when the standard
deviation is smaller than a pre-given threshold. The definition of standard deviation is given in

equation 2.28

L e (t) — hy(8) 2
SDy, = ; | ’“h(lli )_ 1)2’&())' (2.28)

Jian et al. in [27], have used EMD to extract heartbeat and breathing signals from UWB radar
returns. Their work focuses on reconstructing the heartbeat and respiration signal by combining
multiple intrinsic mode functions that can be candidates for a respiration or heart beat signal by
observing their frequencies. This work however does not propose a method to automatically
select the candidate IMFs and does not present a reference to confirm that the extracted signal
is in fact the correct respiration/heart signal. [27] also suggests using a band-pass filter after
obtaining the combined signal from several IMFs which is used to remove frequencies out of the
heartbeat/respiration range.

Sun and Li in [28] purposes using EMD to detect life in coal mines. After decomposing the
radar reflected signal, their work focuses on Fourier analysis of each IMF to detect the dominant
frequencies of the IMFs. The presence of life is characterized by the presence of frequency
components that are in frequency ranges typically associated with breathing or heartbeat signals.
Their work also does not focus on selecting the correct IMF automatically and selects the IMFs
manually. A major drawback of their method is the inability to confirm if the selected IMF is
actually a human breathing signal or a noise signal falling within the same frequency range.
This would inhibit their ability to give accurate predictions of the presence of life in real-world
situations.

Narayanan in [29] presents the use of EMD for breathing signal detection. However, their
work selects the IMF corresponding to breathing manually and then calculates the breathing rate
by counting the number of peaks of the signal above a manual threshold. They mention the use
of Hilbert Spectral analysis to calculate instantaneous frequencies but does not use these values

to estimate the breathing rate. Since the thresholds are also selected manually in addition to the
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IMF corresponding to breathing, this algorithm relies heavily on human intervention to obtain
the breathing signal and breathing rate.

Labate et al. in [30] compares EMD vs DWT(Discrete Wavelet Transform) based methods
to extract the breathing signal they apply the discrete wavelet transform with different mother
wavelets such as Daubechies (3 and 6) and Symlets (3 and 6), and claims that the correlation
between the reference signal and the signal after wavelet transform is highest (93.01%) among
all the signals after wavelet transform when the 6™ order Symlets wavelet is used. They also
claim that EMD method gives better results than wavelet transform with a correlation of 93.07%
with the reference signal. However, they do not introduce a method to select the correct IMF(s)
corresponding to the breathing signal when using the EMD method and do not address the
fact that the discrete wavelet transform has the ability to automatically give the corresponding
signal in its approximation coefficients. Hence, the wavelet transform here has the advantage
of automatically giving the corresponding signal compared to the EMD method as with EMD
method, they choose the corresponding IMF manually. However, an issue with the Wavelet
transform is that the choice of wavelet used affects the output signal and some priori knowledge
about the signal is assumed before performing the wavelet transform. The priori assumption
here usually is that the breathing signal is periodic and resembles a sinusoidal signal up-to
some extent. However, as seen in Figure 2.9 breathing signals are usually not periodic and not
sinusoidal and the EMD method usually gives a better approximation of the breathing signal
than the DWT based method. The work in this thesis uses the fact that wavelet transform gives a
sufficient approximation of the breathing signal in order to select the correct IMF(s) so that a
better approximation of the breathing signal can be found automatically.

All the algorithms/methods [27, 28,29, 30] presented above in this section lack the ability to
select the correct® IMF from the radar return signal. In this thesis, a novel method is presented in
3.2.2 that can select the correct IMF automatically.

Xinyang Zhang in [31] suggests an algorithm to automatically select the IMF corresponding
to breathing after empirical mode decomposition of the signal. The IMF is selected by evaluating
the Minkowski distance which is defined by duime = (D1, [sig; — im fi|2)1/ ? where sig;

and im f; are the i'" respective samples of the observed radar signal and the extracted IMF

8Throughout this thesis the term correct IMF is used for IMF(s) with dominant oscillation rate sufficiently close
to the reference breathing rate obtained using a reference source
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respectively and n is the number of samples in time domain. The IMF which demonstrates the
minimum Minkowski distance is selected as the breathing signal and a simple Fourier analysis
of the signal gives the breathing rate in this algorithm. Even though this algorithm is able
to select the correct IMF in most cases, this algorithm fails in cases such as that is shown in
Figures 2.10 and 2.11. Figures 2.10 and 2.11 each shows five plots. The first plot shows the
breathing signal captured using a respiration belt which is used as the reference source and the
second and third plot shows the amplitude and phase of the signal captured using a Xethru®
X4 radar sensor module (These amplitude and phase signals corresponds to the signal derived
in Equation 2.12). The fourth plot shows the reconstructed breathing signal using the novel
algorithm described in Section 3.2.2 and the text overlay on the fourth plot shows the breathing
rate calculated using the novel algorithm as "Br.Rate" and the breathing rate calculated using
the Minkowski distance based method in [31] is shown as "Mink.Rate". As it can be seen here,
the Minkowski distance based method has selected a sub-harmonic of the breathing rate and a
higher frequency component (Possibly a harmonic component of the breathing signal) in the two
cases respectively.

Figure 2.12(a) shows the breathing signal captured using the radar along with the breathing
signal from a respiration belt sensor. Figure 2.12(b) is organized into three columns of sub-figures
where the first column is the time domain representation of each IMF and the second column
shows the frequency domain representation of each IMF along with a text overlay that shows
the breathing rate obtained from each IMF and the Minkowski distance calculated according
to [31]. The third column shows the instantaneous frequency of each IMF calculated using
Hilbert Spectral Analysis. As seen on Figure 2.12(b), the Minkowski distance of the IMF with
2.26 Br/m as the breathing rate is the lowest with a value of 12.01. The reference rate obtained
in this case is 17.3 breaths per minute and it can be seen on Figure2.12(b) that the empirical
mode decomposition has decomposed the breathing signal into two modes with fundamental
oscillation rates of 19.3 and 16.3 breaths/minute. This is another shortcoming of Xinyang Zhangs
method [31] as their method does not take into account the fact that the breathing signal could be
decomposed into two IMFs by the EMD algorithm. Thus it is clear that the Minkowski distance
based method introduced in [31] does not correctly select the IMF corresponding to the breathing

signal in this case as well.
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Further results obtained using the Minkowski distance based method and other methods can
be found in Section 4.3 and an improved method based on the Complete Ensemble Empirical
Mode Decomposition (CEEMD) with a novel scoring algorithm to select the correct IMF has
been introduced in this thesis in Section 3.2.2 and it’s results are compared with other existing

algorithms in Chapter 4

Further details about this figure can be found in Section 2.3.3
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Figure 2.9: Comparison between the signal reconstructed using EMD and DWT based methods
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Figure 2.12: Breath signal and it’s intrinsic mode functions along with their Minkowski distances
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2.3.4 Other methods to estimate breathing

Ravichandran et al. in [32] uses four algorithms, (1)Zero-crossing detection, (2)Fourier trans-
form maximum selection, (3) Linear predictive coding (LPC) and (4)Least-squares harmonic
analysis(LSH) to estimate the breathing signal using two Universal software radios with one
transmitting a continuous signal at 2.4GHz and the other receiving the reflected signal from the
environment. According to their research breathing alters the magnitude of the reflected signal
introducing an amplitude modulation on the transmitted wireless signal which can be expressed
as,

u(t) = Aom(t) cos(2m f.t) (2.29)

where A, and f,. are the amplitude and frequency of the 2.4GHz carrier signal and m(t) is the
breathing signal acting as a modulator on the carrier.

Zero-crossing detection method directly estimates the frequency of a periodic signal by
measuring the number of negative-to-positive(or vice versa) transitions of a time waveform in a
given time window. A very similar method is to detect the number of local maxima/minima of a
time waveform in a given time window. In a very controlled case, these methods should work
very well. However, in the presence of noise these methods which only rely on observing the
time-domain properties of the signal will fail as they will not be able to effectively differentiate
between noise and meaningful signals.

Fourier transform maximum selection is simply selecting the frequency corresponding to
the maximum peak in the frequency domain. This has been used widely [18, 19,33] to estimate
breathing rate and gives promising results in controlled environments [32].

Ravichandran et al. in [32] combines the results from multiple algorithms which estimate the
breathing rate once every 900 milliseconds. Their combination algorithm first determines the
mean of the two closest frequency estimates between all the four algorithms, and once 5 past
estimates are collected, they select the value that is closest to the median of the last 5 algorithms.
The assumption they make is that since 5 estimates will take only 4.5 seconds as each estimate is
calculated once every 900 milliseconds, a persons’ breathing rate would not change significantly
during a 4.5 second period. However, due to the nature of their algorithm which assumes at least
two algorithms gives values close to the actual breathing rate, when only 1 algorithm works

properly and the 3 remaining algorithms fail, their combination algorithm will still fail as it will
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select two algorithms that give wrong results to calculate the mean breathing rates instead of
the one algorithm that works well. Other than this shortcoming, their algorithm should work
well when at least two algorithms give proper breathing rates. A better algorithm for combining

multiple algorithms is presented in Section 3.2.4 which was developed by extending the work by

Ravichandran et al.
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Chapter 3

Methodology

Even though there are many algorithms for estimating the breathing rate using radar sensors,
the lack of proper analysis of each algorithm against one another with a large set of data meant
that most of these published algorithms work in specific situations that the author has disclosed
but there was no framework to test many algorithms together in many situations. In order to
properly evaluate each algorithm, a data collection software with the ability to collect data
using a radar and a reference source (Respiration belt sensor or a reference signal from a linear
actuator) along with video recordings of the test environment was developed using Matlab®
and C++ along with the ability to process radar data and estimate breathing in real-time. The
collected data is then analyzed using an algorithm analysis and report generation framework
which loads up the radar data along with the reference data and creates reports after evaluating
the performance of the algorithms. In order to speed up the real time estimation of breathing
rate, the real-time component of the aforementioned Matlab® algorithm was implemented using
Python and subsequently improved with more features and the ability to increase the frame rate
of the radar data acquisition. This chapter describes the method of operation of these software
components along with the algorithms used/developed for breathing estimation and ranging.

The four main applications developed are as follows:

1. Matlab® and C++ based synchronized data collector capable of collecting radar data from
a FlatEarth® Ancho module or a Xethru® X4 radar module and a reference signal from a
BioRadio™ 150 breathing belt sensor by GLneurotech® with relative timestamps for each

frame from all sensors along with synchronized video data.
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2. Matlab application to run multiple test-cases recorded by the data recording applica-
tion in item 1 and generate ISTgXreports along with Microsoft® Excel sheets containing

information about the performance of each algorithm.

3. A Matlab® real-time application with the ability to process radar data captured using a
FlatEarth® Ancho module and produce breathing rate estimations along with breathing

signal corresponding to the chest movement of the person during breathing.

4. A Python application with the ability to capture and process radar data using a FlatEarth®
Ancho module or a Xethru® X4 module in real-time and run multiple breathing rate
and breath signal detection algorithms using Matlab® or/and Python simultaneously and

generate results.

Figure 3.1 shows the four applications categorized according to their ability to collect radar
data and process them while collecting or offline after collection.

In addition to being able to run multiple existing algorithms to estimate breathing rate, a novel
algorithm with better results than the existing algorithms was developed based on the Complete
Ensemble Empirical Mode Decomposition (CEEMDAN) as described in Section 3.2.2 and a
novel scoring algorithm was introduced to select the best performing algorithm dynamically
as described in Section3.2.4. The Python based real-time application described in Section 3.6
includes all these features and is able to estimate the breathing rate of the subject in real-time.

In addition to the details about the applications developed during this research, this chapter
also describes the processes involved in estimating breathing rate from a radar signal. The
following steps are used for this task and the sections describing them are organized in the order

in which the radar data are processed.

1. Variance based range estimation as described in Section 3.1.1
2. Identifying the presence of a breathing-like signal (Section 3.1.2)

3. Breathing rate estimation (Section 3.2). This step is done using the following steps with

the different algorithms running parallely to estimate breathing rate in real-time

* FFT based breathing rate estimation (Section 3.2.1)
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developed for data collection and processing
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* EMD based breathing rate estimation (Section 3.2.2)

* Non-linear mode decomposition (NMD) based breathing rate estimation (Section

3.2.3)

* Automatically selecting the best performing algorithm dynamically to report breath-

ing rate (Section 3.2.4)

« In addition to the three algorithms mentioned above, the Python and Matlab® Engine
based system described in Section 3.6 is capable of computing the breathing rate
using many other algorithms described in Chapter 2. However, because of the low
accuracy of these algorithms, only the algorithms mentioned above are enabled in
the final system. Results with all algorithms enabled are shown in Section 4.3 for

reference.

3.1 Range estimation of a person and identifying the
presence of a breathing-like signal

The Xethru X4™ and FlatEarth Ancho™! radar modules produces data frames as described in
Section 2.1.1 when each frame is received, a time-stamp is recorded and stored along with the
radar data frame so that the time at which the data was received and the actual frame-rate of
the radar data can be calculated in real-time. The data format after this addition is described in

Section 2.1.1.

3.1.1 Variance based range estimation

The assumption of M > N in Section 2.2.1 in order to remove clutter from the radar signal
introduces a limitation where SVD based clutter removal can not be used in near real-time radar
data as M corresponds to the number of frames in time that the radar data needs to be collected
for before removing clutter using SVD. As a person can be moving around during the collection
of radar data in a real-world scenario when the radar is used, the SVD based clutter removal will
fail to remove the undesired signals and estimation of a range bin will also fail as the person will

be in multiple range bins throughout the time of the experiment.
'FlatEarth Ancho is a radar module developed by FlatEarth® using the Xethru X2™ radar SOC
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For short time periods, looking at the variance of the signal in different range bins through
time was used in order to properly estimate the location of a person and this method provides a
fast and less resource intensive way to track a persons’ location in a real-time application. [34]
uses variance based methods to identify the location of a person using radar return signals.
However, this work does not cover the instances when the person is not stationary and would
work only when identifying the person’s location when the person has been stationary for the
entire period of time when the radar data was collected.

The methodology behind the variance based range estimation can be found in the flowchart
shown in Figure 3.6. The system continuously collects data and normalizes them and after a set
of new data corresponding to a time period of T1 seconds is collected (Values for T1 between 1
to 3 seconds were used in this work), the variance along the slow time axes of each range bin
is calculated separately. A typical set of values for variance can be seen in Figure 3.2. Figure
3.2 shows the variance of the radar signal through slow time when the person is at a range
approximately 1m from the radar. As it can be seen from this figure, the person can be very
prominently seen through the variance value of the radar signal. The highest value of variance
is selected through each set of slow time samples corresponding to different range bins. This
range is then saved in a double ended queue (Q1) and the data on Q1 are analyzed to detect

movements.
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Figure 3.2: Variance along slow time axis of all range bins when a single person is detected

3.1.2 Identifying the presence of a breathing-like signal

Detecting the presence of a breathing-like signal is critical in order to estimate the breathing
rate. As movements of the person being monitored other than chest movements due to breathing
are captured by the radar and if these movements also fall within the same range-bin as the
persons chest, the chest movements captured by the radar are modulated on top of the other
movements in the same range-bin. In order to detect if such undesirable movements are present
in the captured signal, [18] suggests looking at the autocorrelation of the signal in the selected
range-bin. [18] suggests measuring the width of the main lobe between the points that it crosses
0. However, the auto-correlation function of a signal reflected from a stationary human does not
look like what is presented by Khan et. al. in realistic situations. The figure presented in [18] is
the autocorrelation function of a perfect sinusoidal signal (Figure 3.3). However, this is not the

case in realistic situations. The auto-correlation function of a signal reflected from a stationary
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Figure 3.3: Figure presented by Khan et al. as the autocorrelation function of signal reflected
from stationary human

human usually looks like what is shown on Figure 3.4. Figure 3.5 shows the auto-correlation
function when a person is moving slightly. If only the width of the main lobe at points where it
crosses zero is considered, both cases in Figures 3.4 and 3.5 would be considered as a person
being stationary. Therefore in this thesis, the main lobe was identified by looking at the local
minima’s around O of the auto-correlation function.

Another issue with the method presented by Khan et. al. in [18] is that the presence of a
breathing signal is only identified by looking at instantaneous signals. However, in a system that
works continuously, it is possible to keep track of the location of the person being monitored
and identify if they are moving. Therefore, two new conditions are introduced on top of the
auto-correlation based method to identify movements of the person by looking at the history of

their position as follows:

1. Identify range of a person once every T1 seconds and store these values in a double ended

queue (Q1) as described in Section 3.1.1
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Figure 3.4: Autocorrelation function of a usual signal reflected from a stationary human

2. Calculate the difference between the two latest values in Q1

3. If the values are different than a preset threshold TH1, check if such differences were
present for the last three consecutive estimates in Q1. If this is the case, classify this as the
person moving around fast. If the difference between the latest values is less than TH1,

move to next step.

4. Calculate the medians M1 and M2 of X1 and X2 latest values of Q1, where X2»X1. (X1=3

and X2=20 in the results presented in this work)

5. If difference between M1 and M2 is greater than threshold TH2, classify as a movement.

If not, go to next step.

6. Check if a breathing like signal is is present by examining the auto-correlation values as

described above.
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Figure 3.5: Autocorrelation function of a usual signal reflected from a human moving slightly

A flowchart showing the process to identify movements and to detect if a breathing-like

signal is present in the radar return signal is shown in Figure 3.6.
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3.2 Breathing rate estimation

Performance of breathing rate estimation algorithms vary depending on many factors such as,
breathing pattern of the person (eg: Shallow vs deep breathing, presence of sub-harmonics of the
breathing rate, etc.), distance to the person from the radar, noise from body movements other
than respiration etc. Therefore using just one algorithm in order to estimate breathing rate is not
practical in real-world situations. A scoring system to evaluate the performance of algorithms in
real-time without using any reference data is introduced in this research along with improved

algorithms for breathing rate estimation.

3.2.1 FFT based breathing rate estimation

An FFT(Fast Fourier Transform) computes the Discrete Fourier Transform(DFT) and produces
the exact same result as evaluating the DFT directly, albeit faster than the DFT. The breathing rate
is continuously estimated in this work with overlapping windows of 15-20(adjustable) seconds
with shifts of 1-3 (Upper limit adjustable) seconds between each consecutive window. The use
of such narrow windows require the application of a proper windowing method such as applying
a Hamming Window is required to prevent unwanted frequency components being added to the
frequency spectra of the windowed signal. Presence of such unwanted components can be seen
in Figure 3.7

The signal is also subjected to a band-pass filter to remove unwanted frequencies that do

not lie within probable breathing rates (0.1Hz to 0.8Hz). Next, a Hampel filter, and a median

JRaw signal before filtering (UWB Radar). Bin#: 403 " FFT of breathing signal as seen by UWB radar
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Figure 3.7: Time and frequency domain breathing signals before and after applying Hamming
window
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filter is used to smoothen the signal. Next, the frequency corresponding to the maximum peak in
amplitude in the frequency domain is selected as the breathing rate. As seen on Chapter 4, this
method does not always work as the radar return signal from the chest does not always contain

clear dominant peaks in the breathing frequency.

3.2.2 EMD based breathing rate estimation

The methods described in Section 2.3.3 lack the ability to select the correct IMF(s) which
correspond to breathing automatically and even in cases where it is selected automatically,
the results are not satisfactory as explained in Section 2.3.3 and further proven in Section 4.3.
Therefore a novel method was developed with the ability to estimate breathing rate and extract
breathing signal® automatically was developed.

One of the main considerations in developing this algorithm was the poor performance of
other existing algorithms under real-world scenarios as it can be seen on the Chapter 4. The
new algorithm was also developed with plans to launch this research work as a startup which
caters to monitoring patients in elder-care facilities such as retirement homes and long term
care facilities. Hence, the ease of implementing this algorithm on an embedded system such
as a single board computer and the use of open-source libraries were another factor considered
during the development. This algorithm was developed as part of the real-time processing system
described in Section 3.6.

Luukko et al. in [35] introduces a C library with the ability to calculate the Empirical Mode
Decomposition (EMD), Ensemble Empirical Mode Decomposition (EEMD) and Complete
Ensemble Empirical Mode Decomposition (CEEMDAN). One of the major advantages of a low
level C library for such a task is its ability to be compiled in almost any operating system and
hardware configuration and this gives a system using such a library great flexibility in terms of
hardware/software requirements. Luukko et al. has made their work open source under the GNU
General Public license and they have also made wrappers for this library available in Python and
R programming languages. The availability of this library in multiple languages and it’s efficient
implementation in C programming language makes it ideal for use in the applications described

above.

Zsignal corresponding to the chest movement during breathing
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EMD method experiences an issue named “mode mixing” which is the presence of oscil-
lations of very disparate amplitude in a mode or the presence of very similar oscillations in
different modes. Wu and Huang in [36] introduces an improved version of empirical mode
decomposition called ensemble empirical mode decomposition (EEMD) to overcome these
issues by performing EMD over an ensemble of the signal with added Gaussian white noise. The

EEMD method performed on a signal x[n] can be described as:

1. Generate z'[n] = z[n| + w'[n|, where w'[n](i = 1,2, ...., I) are different realizations of
white Gaussian noise, and [ is the number of signals created by adding noise onto the

original signal z[n].

2. Each z'[n](i = 1,2, ...I) is fully decomposed by EMD getting their nodes I M F}[n] where

k =1,2,...., K indicates the modes.

3. Assign IMF} as the k-th mode of x[n] obtained as the average of the corresponding

IMF}. i.e. TMFyn] = 130  IMFjn]

The complete ensemble empirical mode decomposition introduced by Torres et al. in [37]
is different from the EEMD method since it does not decompose each z‘[n] independently
from the other realizations. i.e. in CEEMDAN the residue 7 [n] is calculated as ri[n] =
ri_,[n] — IMF{[n]. For example, in the method presented by Torres et al., the first residue is

calculated as:

r1[n] = 2[n] — IMF[n] (3.1)

where II/[/FI[n] is obtained in the same way as in EEMD. The complete procedure of
CEEMDAN introduced by Torres et al. is described in the following paragraph.

Let F;(-) be an operator, which, given a signal, produces the j™ mode obtained by EMD. Let
w'be white noise with (0, 1). If z[n] is the targeted data, the CEEMDAN algorithm can be

described as:

1. Decompose by EMD, T realizations z[n]+¢cow?[n] to obtaind their first modes and compute;
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2. Calculate the first residue (k = 1) as ry[n] = x[n] — I/]\;[/Fl[n]

3. Decompose realization 71[n] + €, By (w'[n]),i = 1,2, ..., I, until their first EMD mode and

define the second mode as:

IMFs[n ZEl rin] + e Er(w'[n]))

4. For k = 2, ..., K calculate the k™ residue as:

re[n] = rg_y[n] — IMFy[n]

5. Decompose realizations 7 [n] + e, Ej(w'[n]),7 = 1,2, ..., I, until their first EMD mode

and define the k£ + 1™ mode as:
L
IMF (410 72_: L (re[n] + exEr(w'[n]))

6. Go to step 4 for next k&

Steps 4 to 6 are performed until the obtained residue does not have at least two extrema. And the
final residue satisfies R[n] = z[n] — S_b_, IMF), with K being the total number of modes.

Even though the CEEMDAN method proposed by Torres et al. reduces the mode-mixing
problem in EMD, when CEEMDAN was applied to breathing signals, the breathing signal
seemed to be divided up into multiple modes in some cases specially when the monitored
persons’ inspiration and respiration follows different patterns/depths. Therefore the next step was
to identify such situations and make sure the breathing signal is correctly captured by combining
the multiple modes in such cases. To do this, the proposed algorithm checks if difference between
the dominant rate of oscillation in each neighbouring mode is different less than 6 f Hz and if
that is the case, the two neighbouring modes are added together to form one signal. This is
done recursively for two levels, i.e. if the difference between the dominant rate of oscillation of
IY\\[F;C and I/A7[/F(k+1) and the difference between the dominant rate of oscillation of IY\\[F(kﬂ)
and IMF (k+2) 18 less than § f, all three modes £, k + 1 and k + 2 are joined together. A value of
0.07 Hz for ¢ f was found to be optimal after testing with breathing signals of several subjects.
Let the set of signals obtained after combining similar IMFs be [f/[\FS where s = 1,2,..., 5
with S < K
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Next step is to select the correct I M F' corresponding to breathing of the monitored subject
automatically and this is done by using a scoring algorithm that gives a score to each IMF

based on six factors.

1. Ratio of energy contained within the IMF vs original signal: Let the total energy
contained within the M F be E 7 and the total energy contained in the signal before
CEEMDAN be Ej;gnq. Then this ratio is defined as % Since the presence of a
breathing-like signal highly likely at this stage because of the tests performed in Section

3.1 and hence, the IMF corresponding to breathing should contain most of the power

within the detected signal.

2. Ratio of energy within two frequency ranges: Within each individual IKJ\F, the energy
(E: and E») contained within two frequency ranges, (f1; to fi15, and fy to fo) is calculated
and the ratio between these two energy values can be expressed as: g—; Optimal values

used in the final system are: f,; = 0.17Hz, fi;, = 1Hz, fo; = 1Hz, fo, = 5Hz

3. Difference between the dominant rate of oscillation of original signal vs the IMF :
The absolute difference between the dominant rate of oscillation (Estimated by selecting
the frequency corresponding to the maximum amplitude value of the discrete Fourier

transform of the signal) of the original signal before CEEMDAN and the IMF.

4. Correlation with DWT(Symlets6) approximation signal: The correlation coefficient
between the approximation signal obtained after performing discrete wavelet transform
(DWT) on the original signal before CEEMDAN and the IMF. The 6% order Symlets
wavelet is used for the Wavelet transform. The rationale behind using this parameter for

scoring is built on Labarte et al.s work in [30] as described in Section 2.3.3.

5. Difference between median of previous breathing rate estimates vs the estimate from
IMF: The breathing rate is estimated using the currently evaluated / MT and the absolute
difference of this value with the median of the previous estimates is used for scoring. The
rationale behind this is the fact that the breathing rate does not change rapidly between

estimates.
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6. Minkowski distance with the original signal: The Minkowski distance between the
original signal and the IMF is defined by dink = (Z?:l |sig; — [ﬁ/[\FiP)l/2 where
stg; and IM\FZ- are the 7' respective samples of the observed radar signal and the IMF
respectively and n is the number of samples in time domain. This parameter is used as
Xinyang Zhang in [31] claims that the IMF corresponding to breathing rate should have
the minimum Minkowski distance with the original signal (Section 2.3.3 states why this
is not always true and is further emphasized in Section 4.3 where results using Xinyang

Zhangs method is compared with other algorithms)

After calculating the six parameters above the different weights for the set of IMFs are
normalized individually to values between —1 and +1. And then they are individually weighted
to calculate a score for each TMF. The optimal weights identified during this research are (in
the same order as the list above): 1.1, 0.2, -2, 0.5, -1, -1. These optimal values were identified by
first making the weights of all parameters equal to 0 and slowly increasing/decreasing individual
parameter weights and observing the effect on the mean error rate for multiple subjects for
multiple test cases. The automated report generation system described in Section 3.5 was used
for observing the effect of each parameter on multiple test cases. The / MF with the maximum
score after applying these weights are selected as the breathing signal in this algorithm. Next the
dominant rate of oscillation of this M F is estimated by taking the discrete Fourier transform

and selecting the frequency corresponding to the maximum amplitude in the frequency domain.

3.2.3 NMD based breathing rate estimation

Iatsenko et al. in [38] introduces a novel method to decompose a signal composed of a mixture
of different oscillations, separating each oscillating component and background noise from each
other. The signal is tracked through time using time frequency analysis (using windowed Fourier
transform) and decomposed into a set of nonlinear modes [38]. The basic steps of this method

are as follows;

1. Extract the fundamental harmonic of a nonlinear mode accurately from the signal’s time

frequency representation

2. Find candidates for all its possible harmonics
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3. Identify the true harmonics (i.e. corresponding to the same nonlinear mode) among them

4. Subtract the resultant nonlinear mode from the signal and iterate the procedure on the

residual until a preset stopping criterion is met

After extracting the signal corresponding to the fundamental harmonic, its fundamental
frequency is calculated simply using the Fourier transform of the extracted signal (The frequency
corresponding to the maximum amplitude in the frequency domain is obtained similar to the
method described in Section 3.2.1). As seen on Section 4.3, the NMD based method is able to

produce very good results.

3.2.4 Automatic selection of best performing algorithm

Since a single method can not produce good results in all situations, a method to evaluate the
performance of the breathing rate estimation algorithms and select the best performing algorithm
dynamically in real-time was developed. This system gives a score to breathing rate estimation
algorithms through time and at each time instance, the breathing rate value from the algorithm
with the highest score is selected as the current breathing rate. The scores are calculated using

the following parameters:

1. Majority voting: A score is given to each algorithm based on how many of the other
algorithms generate similar results. To allow for small differences in breathing rate within
algorithms this score is calculated by creating a histogram by dividing up the range between
5 and 30 into bins of size 2 (all units are in breaths per minute). i.e. bin 1: 5 to 7, bin 2:
7 to 9, etc. Each breathing rate estimation from different algorithms are placed in these
bins and the bin with the maximum number of algorithms is selected as the majority bin.
All the algorithms belonging to the majority bin is given 2 points while the algorithms

belonging to the two adjacent bins to the majority bin are given 1 point.

2. Changes to breathing rate within the last 6 estimates: A score is generated based on
the absolute differences between the last six estimates. Let the last six breath rate estimates
attime t,t — 1,...,t — 4,t — 5 be BRate(t), BRate(t — 1), ...BRate(t — 5) respectively.

The parameter CSCORE defined as shown in Equation 3.2 is added to the score of each
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algorithm.

CSCORE = —2.5x | BRate(t) — BRate(t — 1) |
— 0.5x | BRate(t — 1) — BRate(t — 2) |
— 0.4x | BRate(t — 2) — BRate(t — 3) | (3.2)
— 0.3x | BRate(t — 3) — BRate(t — 4) |
— 0.2x | BRate(t — 4) — BRate(t — 5) |

It should be noted that BRate(t), BRate(t — 1), ... in the above equation corresponds to
the historical breathing rates obtained using the algorithm that is being evaluated (scored).

i.e. BRate(t), ... is different for each algorithm that is being scored.

This system is capable of evaluating the performance of any number of algorithms at once
and different algorithms can be included or excluded from the system with minimal modifications
as it is built using high performance Python container data types® which are able to change their
size/shape depending on the number of algorithms used. The optimal weights for the scoring
algorithm was found by individually changing parameter weights and observing the results on

the output using the automated report generation framework described in Section 3.5.

3.3 Data collection

The data collection system consists of a Matlab™ application that collects radar data (using
a Xethru™ X4, or a Flatearth ancho™ radar) and simultaneously communicates with a C++
application that collects reference breathing data using a BioRadio™ 150 breathing belt sensor by
GLneurotech®. Data was also collected using a linear actuator which was used to mimic periodic
movements in order to test the radars ability to detect such periodic movements. An application
provided by the linear actuator (Model: Actuonix® PQ-12P) manufacturer was modified in order
to save the movements of the linear actuator (As discrete locations sampled at 20Hz) into a csv
file for post processing. Figure 3.8 shows the user interface of the data collection application and

a flowchart showing the operation of the data collection application is shown in 3.9.

3https://docs.python.org/2/library/collections.html

52


https://docs.python.org/2/library/collections.html

The data collection application starts up by reading a csv* file containing details about the
test cases that needs to be run by the program. The details include a name for each test case,
a short description and the duration for each individual test case. These details can be later
edited through the user interface window before running the experiments. An example csv file
demonstrating the format of the test case definition file is shown in Figure 3.10 and as seen in
this figure, the first column contains a unique name for each test case and the second column
contains small human readable description of each test case and the third column contains the
duration of each test-case in seconds.

After the user interface is populated with the relevant data, the user selects the required
settings and starts the data collection operation. Since multiple sensors need to collect data
simultaneously, the Matlab® parallel computing toolbox® is used to create three extra individ-
ual processes which are responsible for capturing video, collecting radar data and a different
process for synchronizing and communicating with other Matlab™ and C++ applications that
are responsible for collecting data. The BioRadio™ 150 breathing belt sensor unit is controlled
through a C++ based API provided by the manufacturer and hence, a simple C++ code was
developed to connect to the breathing belt sensor and collect data. The data is then saved as csv
files with relative timestamps received from the Matlab® socket server. The Actuonix® PQ-12P
linear actuator mentioned above is also controlled using a similar C++ application when the
data collection application is collecting data from a radar observing a moving linear actuator
instead of a real human and the data is saved in a csv file. Due to the repeatability of linear
actuator motions and the ability to manually synchronize the data collected using the linear
actuator and the radar, the linear actuator application was developed with a much simpler method
to synchronize the collected data from the radar and the linear actuator. The linear actuator
controller application creates a new file with the current system time as its file name once every
minute and saves the linear actuator positions in this file. These files are later read by a researcher
who can manually use the correct file corresponding to the radar data. Figure 3.12 shows the
synchronized signals captured using a breathing belt sensor and a radar and Figure 3.11 shows
the linear actuator movements captured using the feedback sensor in the linear actuator and the

movements seen by the radar.

“Comma separated values file
Shttps://www.mathworks.com/products/parallel-computing.html
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Figure 3.8: User interface of the data collection application
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Figure 3.9: High level flowchart of the data collection application
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ISURU-SIT-FR-P1
ISURU-5IT-BA-P1
ISURU-5IT-5L-P1
ISURU-STMND-FR-P1
ISURU-STND-BA-P1
ISURU-STND-5L-P1
ISURU-5IT-FR-P2
ISURU-SIT-BA-P2
ISURU-5IT-5L-P2
ISURU-STND-FR-P2
ISURU-5TND-BA-P2
ISURU-5TMD-5L-P2
ISURU-SIT-FR-P3
ISURU-5IT-BA-P3
ISURU-5IT-5L-P3
ISURU-STND-FR-P3
ISURU-STHND-BA-P3
ISURU-STMD-5L-P3
ISURU-5IT-FR-P4
ISURU-5IT-BA-P4
ISURU-SIT-5L-P4
ISURU-STND-FR-P4
ISURU-5TND-BA-P4
ISURU-5TND-5L-P4

ISURU, sitting, front facing. point 1

ISURULSITTING,BACK FACING, POINT 1

ISURU.SITTING, LEFT SIDE FACING, POINT 1

[ISURU,STANDING,FRONT FACING, POINT1

ISURLLSTAMDING,BACK FACING, POINT1
ISURLLSTAMDING,LEFT SIDE FACING POINT 1

[ISURU, sitting, front facing, point 2

ISURU,SITTING,BACK FACING, POINT 2
ISURUL,SITTING, LEFT SIDE FACING, POINT 2

[ISURU,STANDING.FRONT FACING, POINTZ

ISURU,STAMDING, BACK FACING, POIMNT2

ISURU.STAMDING,LEFT SIDE FACING POINT 2

ISURW, 5'r_tting. front facing. point 3
ISURUSITTING,BACK FACIMG, POINT 3

ISURU,SITTING, LEFT SIDE FACING, POINT 3

ISURLLSTANDING.FRONT FACING, POINT3
ISURLLSTAMDING,BACK FACING, POINT3

ISURU.STAMDING,LEFT SIDE FACING POINT 3

ISURU, sitting, front facing, point 4

ISURUSITTING,.BACK FACING, POINT 4

ISURLLSITTING, LEFT 5IDE FACING, POINT 4
ISURLLSTAMDING,FRONT FACING, POINT4

ISURU.STAMDING,BACK FACING, POINT4

ISURU,STAMDING,LEFT SIDE FACING POINT 4

Figure 3.10: Example csv file with multiple test-cases
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Actual linear actuator movement (with local maximas marked)
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Figure 3.11: Linear actuator movements captured using the feedback sensor in the actuator and
the radar
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FFl'1M' BioRadio breathing signal (Rate: 153479 Fs: 127.969)

belt signal (with local marked)
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(a) Breath signal captured using breathing (b) Discrete Fourier transform of breath
belt signal captured using the breathing belt

[FFT of breathing signal as seen by UWE radar
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Figure 3.12: Breathing signal as seen by the radar and a breathing belt
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3.4 Real-time breathing estimation on Matlab

Breathing estimation algorithms can only be truly beneficial if they are able to monitor a patient
in real world situations such as in a nursing home/elder care facility etc. In order to use the
algorithms to monitor people in such situations, the algorithms need to be executed on data as
they are collected instead of processing them ‘offline’ after the data has been collected. Since
most of the algorithms used in this research were written in Matlab®, a Matlab® based GUI
application was developed in order to estimate breathing in real-time. The Matlab® Parallel
computing toolbox was used to develop this application and different processes are created for
collecting data from the radar, processing them, and displaying the results on a GUI. A screen

capture of the Matlab® GUI can be found in Figure 3.13.
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Figure 3.13: User interface of the Matlab application developed to estimate breathing rate
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3.5 Algorithm analysis and report generation
framework

A program was developed using Matlab® in order to efficiently analyze different algorithms
and generate reports with their results. The pseudo-code describing the developed framework
is shown in algorithm 3.1. As described in algorithm 3.1, the report generation program scans
a given folder for all *.csv data files and loads them up one by one. Then the data is divided
into overlapping time windows as specified by the user and finds the breathing rate, breathing
signal and the reference signal(from a linear actuator or breathing belt) and the reference rate
corresponding to each time window using multiple algorithms. The results are returned from the
ANALYZE function as two vectors which contain the names of the algorithms and the breathing
rates calculated by those algorithms. These two vectors are then joined together as key:value pairs
and saved on an Excel™ file which can be used as a summary of the performance of the algorithms.
The generated Excel™ file contains information about the breathing rate estimates, error rates,
mean error rate, correlation with the reference rate, for each time window corresponding to each
algorithm. A I&IEXreport is also generated with details about all the important intermediary steps
that the data goes through when they are analyzed by the algorithms. The report generation
framework is developed in such a way so that the sizes of the algorithm_names and the results
vectors are variable. This allows for the addition of new algorithms to reports just by adding
new elements to the algorithm_names and results vectors. Thus adding new algorithms into the
ANALYZE function will automatically expand the ITgXreport and the auto-generated Excel™
file. Figure 3.14 shows an extract from an auto-generated detailed pdf report and Figure 3.15
shows an extract from an auto-generated Excel® sheet containing the summary of algorithm

performance.
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Figure 3.15: Extract from a summary report generated automatically using the report generation

framework

62



Algorithm 3.1 Pseudo-code of report generation framework

Input:
Path to folder containing data files
Path to folder containing reference data

1: for All files in data files folder do

2: [reference_values] < load_reference_data()

3: data < load_data_file()

4: segment_radar_data_into_time_windows()

5: find_the_corresponding_windows_for_reference_signals()
6: for All time windows do > This step is parallel
7: [algorithm_names,results] <— ANALYZE(data)

8: Reference_rate <— get_reference_rate(reference_data)
9: end for
10: end for
11: create_I&TEX_report()
12: create_summary_excel_sheet()
13: function ANALYZE(data)
14: Populate [algorithm_names] vector
15: Populate [results] vector
16: return [algorithm_names,results]
17: end function

3.6 Python and Matlab based real-time
implementation

The data collection application described in 3.3 lacked the ability to process the data while it
is being collected and for a real-world application, such as in a nursing home or an elder care
facility where the system will be deployed, real-time processing of radar-data is critical as events
related to respiration should be monitored as they happen. The real-time implementation in
Matlab® which was developed as a potential solution to this was not as flexible as a software
developed using a conventional programming language like C++ or Python due to the architecture
of Matlab® as Matlab® is primarily optimized for data processing tasks instead of developing
deploy-able applications. The architecture of the Parallel computing toolbox made it cumbersome
to quickly launch and destroy different process and the lack of a threading framework (Parallel
computing toolbox works by creating multiple processes instead of threads which are less
resource intensive than separate processes® [39]) similar to that is available in languages such

as C++, Python, Java, etc. makes it resource intensive to pass data between different processes

Shttps://www.mathworks.com/help/distcomp/
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frequently as the different processes do not share a common memory space [39]. As a real-time
application fetching data from a radar continuously and processing this data without slowing
down the data acquisition would need at least two different threads/processes to collect data and
process them, the amount of data that needs to be passed between different threads/processes is
high.

Even though Matlab® offers a toolbox called Matlab Coder’ to convert Matlab® code into
C/C++ code, this toolbox does not support many functions used in the final system that would
need to estimate breathing, show it on a user interface, send the data to the cloud to be shown on
a web GUI, etc. and even if a system was somehow developed with only supported functions,
the production cycle of converting each iteration into C/C++ and testing it on a deployment
system adds a lot of complexity to a production environment. This is even more prominent in
an embedded system as the final system was targeted to run in a Nvidia® Jetson™ TX28 single
board computer running on an ARM® processor.A major consideration in such a system is the
ability to be deployed easily and the cost effectiveness of the final system and easy deploy-ability
of a Python application compared to a Matlab™ application and the free and open-source nature
of many Python libraries means a Python based application is better suited for this task.

As seen on Figure 3.16, the real-time Python application starts by creating a Main process that
is responsible for creating the other sub-processes/threads responsible for tasks such as collecting
radar data, extracting breathing signal and estimating breathing rate, sending/showing results to
the outside etc. The data collection thread connects to the radar (This thread is compatible with
both Xethru® X4 radar and the FlatEarth® Ancho radar modules and the desired module can be
selected by changing a configuration variable before running the application), this thread also
has the capability to simulate a radar using pre-recorded data so that the application can be run
to test out different algorithms/configurations on the exact same data. When in simulation mode,
the collection thread reads a radar data csv file and plays back the data using the timestamps
on the file which mimics a real radar exactly. The data is passed to the main thread through a
Python thread safe queue data structure and after collecting enough data to estimate a breathing

rate, the main process sends the data to a Matlab® process (using the Matlab® Engine API°)

"https://www.mathworks.com/products/matlab-coder.html
dhttp://www.nvidia.com/object/embedded-systems—dev-kits-modules.html
‘https://www.mathworks.com/help/matlab/matlab-engine-for-python.html
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Figure 3.16: Organization of different processes in the real-time processing system

and a Python™ process simultaneously to estimate breathing. The reason for using a Matlab
process here is for the system to be compatible with algorithms that were developed in Matlab®,
mainly the NMD algorithm described in Section 3.2.3 is developed using an open source library
in Matlab® provided by Iatsenko et al. [38]. The system is able to automatically identify if
Matlab® is available in the hardware it is running on and automatically disables the Matlab®
based algorithms if it detects that Matlab is not available. This makes it possible to run the
system on multiple platforms/configurations without changing any of it’s code or configuration.
All the other features including the scoring algorithm presented in Section3.2.4 adapts to the

presence or absence of Matlab automatically as well. As seen on Section 4.3, the EMD based
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algorithm presented in Section 3.2.2 performs better than the NMD based algorithm and since all
the algorithms used in the final system are developed using Python except the NMD algorithm,
the presence or absence of Matlab® does not affect the system.

Breathing rates are calculated using a moving window algorithm where a window of 20
seconds of radar data is used with the time between each window being 2 seconds. The time
between each window adjusts according to the load on the system and this enables the system
to be run on even a low power embedded system such as a Raspberry Pi (The system was
implemented on a Raspberry Pi 3B single board computer (with a limited number of algorithms
for breathing rate estimation) with the time between each window adjusted to 3.5 seconds
automatically.). Even though the time between each window is automatically adjusted, the
window length is always a user defined constant which is not adjusted during run-time. The
sampling rate of the radar, both in slow time and fast time are always constant and are not adjusted
in any manner to maintain consistency of the results. After the data is processed and breathing
signals and breathing rates are found, the results are sent to a separate thread that is responsible
for showing the results on graphs so that a researcher can observe the signals and get an idea
about the performance of the algorithms and possible improvements. The plotting functions are
moved to a different thread so that the data collection and processing processes/threads do not get
affected as plotting functions take a considerable amount of time if a lot of plots/information have
to be shown. This also enables the plotting function to be disabled easily (Just one configuration
variable needs to be adjusted to disable plotting) when the system is deployed as a final system.
The plotter thread is also able to save all the plots on to the file system so that they can be viewed
later on to see how the system performed.

After the main process gets all the data from Python and Matlab®(if enabled), it analyses all
the results using the scoring system described in Section 3.2.4 and selects the best performing
algorithm and reports that data onto a local GUI and also sends the data to a cloud server as
a HTTP request. The inter-process and inter-thread communication between different Python
threads/processes is done using thread safe Queues and the data is sent to a GUI using a network
socket connection giving the flexibility to run the GUI on any computer in the local network (eg.
at a nurses’ station in a nursing home).

While doing all of the above tasks, the system also saves the raw radar data onto the local file
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system as separate files once every minute (adjustable) so that the same data can be analyzed
later on.

Figure 3.17 shows the CPU utilization on a system with 12 physical cores and 24 threads
(Dual Intel® Xeon E5-2620 processors with 128GB RAM). As it can be seen on the top sub
figure in Figure 3.17, all of the cores are utilized during operation and the periodic spikes in
cpu usage corresponds to when the radar data is analyzed on a new set of data. Since radar data
is processed only when enough data are collected to get a new breathing estimate, there are
minimas in the cpu usage graph where the system is just collecting radar data or sending the
previous results to the GUI or cloud. The system collects data for at least 1 second (adjustable)
before trying to estimate a new breathing rate using the last 20 seconds (adjustable) of data.
This creates a real-time moving window on the radar data which enables breathing rate to be
estimated frequently even though human breathing signals are relatively slow (a usual breathing
inspiration and respiration takes around 3-4 seconds for a healthy human). The system is also
able to adapt itself automatically if it is run on low power hardware such as an embedded single
board computer as the main process tracks the input and output queue sizes of the different
processes such as the plotting thread, breathing estimation process, etc. and adjusts the frequency
of estimation if it detects that the system is able to estimate breathing rate at the desired frequency
of estimation. This adaptive system has been put into test when it was successfully run on a
Nvidia® Jetson TX2 system'”

Due to the data collection threads’ ability to play-back csv files containing radar data
mimicking the presence of a real-radar as described above, a special mode was added into this
application to generate reports about the performance of different algorithms on a large set of
data files. When running in this mode, the application loads the radar data files (As many files of
varying lengths(time duration), sampling rates, etc. as desired) one by one along with reference
data files (Captured using the data collection application described in Section 3.3) saved during
the experiments and analyses the performance of algorithms for each test-case separately and
saves the results in separate files corresponding to the multiple test-cases tested. This system

allowed the researchers to do data collection during the day time and generate detailed reports

10The configuration and setup of the Nvidia Jetson Tx2 board was not done by the author but was done by two
undergraduate students (Taylor Leblond and Qi Ye) at University of Ottawa after receiving initial instructions and
the deploy-able code from the author.
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Figure 3.17: CPU usage when running the real-time Python application using multiple processes
and threads.

(With pdf files containing graphs of results and csv files containing all the estimates, their mean
error, variance, standard deviation, activity levels, etc.) overnight (or any time) by just running
the system with the folder containing the radar data and the reference data files as input. An
example extract from a pdf file created using this software can be found in Figure 3.18 and an
extract from a summary report created using this software can be seen in Figure 3.19.

In addition to all of the above, the real-time application also includes the ability to start a
Matlab® script containing the human activity and posture classification work by Zachary Baird
described in [40] and get the results from it. This script is called in a similar method to how the
breathing rate estimation algorithms in Matlab® are called as described above using the Matlab®

Engine API!! for Python™

https://www.mathworks.com/help/matlab/matlab-engine-for-python.html
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An extract from a pdf report generated using the real-time application
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Chapter 4

Resulis

This section analyses the results of the algorithms described in Chapters 2 and 3 with comparisons
between instances when different algorithms perform well versus them performing adversely.
The first part of this chapter (Section 4.2) focuses on range estimation and activity level detection
described in Section 3.1 and the rest of this chapter (Section 4.3) focuses on results of breathing

rate estimation using various algorithms.

4.1 Abbreviations used in this chapter

The following abbreviations/notations are used in this chapter to reduce clutter in graphs and

tables:

* Reference: Reference signal obtained from a breathing belt
* EMD method: Novel CEEMDAN based method described in Section 3.2.2

* Minkowski distance method, ‘MinkBRate’: EMD and Minkowski distance based breathing
rate estimation method proposed by Xinyang Zhang in [31]. ‘MinkBRate’ refers to the

breathing rate calculated using this method.
e NMD: NMD based method for breathing rate estimation as described in Section 3.2.3

* FFT Max.Freq. method: FFT based breathing rate estimation method described in Section

3.2.1

* Scoring method: Automatic scoring method described in Section 3.2.4
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Figure 4.1: Positions of subjects and the radar

4.2 Range estimation

4.2.1 Stationary subject

Range estimation of a stationary subject is explored through estimating the range of a subject
placed in four locations inside a room with the subject facing their front, back and left side
towards the radar with the subject standing or sitting down on a chair. A total of 24 test cases
were observed for this (2 different postures and 3 different orientations (standing and front
towards radar, sitting and front towards radar, standing and back towards radar, sitting and back
towards radar, standing and side towards radar, sitting and side towards radar) in four different
locations). The corresponding positions can be seen in Figure 4.1. The experiment was divided
up into segments of 1 minute each with the subject changing posture/location once every minute
and the automatic data collection system explained in Section 3.3 was used to automatically

label and save the data in different files.
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As seen on Figure 4.2, the subject location can be accurately tracked using the novel method
described in Section 3.1. When the system detects that the subject is stationary, the median
range of the n(adjustable) most recent instantaneous ranges are used as the range of the person to
extract the breathing signal. A small offset is present between the reference range and estimated
range as the reference ranges were taken by placing markers on the floor manually and the
subjects were asked to sit/stand as close to the markers as possible and in most cases the subjects’
chest is not positioned directly on top of the markers (eg: A sitting subject would have their legs
on the markers with their chest further back from the marker).

Compared to the results from the range tracking method described in section 3.1, estimat-
ing range without tracking the person and calculating only once for the whole period of a
test-case would give adverse results in some cases such as, 1.02m, 0.14m, 0.17m and 0.14m
for range estimation for the person sitting at P1, P2, P3 and P4 with reference distances of
0.86m,1.59m,1.29m, and 1.61m respectively. This is due to the fact that when the person is
selected based on maximum variance through time, noise from other events (such as noise from
water pipes, vibrating radiators, etc.) show larger variances through time than human breathing
for longer periods of time and the breathing signal of the person becomes insignificant compared
to the accumulated different time varying signals and SVD based clutter removal or variance
based range estimation can not properly differentiate between time varying noise and breathing
signals.

Figure 4.2 and subsequent similar figures contain 4 sub-figures each corresponding to the
four different positions P1,P2,P3 & P4 (as shown in Figure 4.1) and each plot contains 3 series’
of data. Reference range is obtained manually by measuring while the instantaneous range is the
range calculated in each time instance and the series named “range” is the time tracked range
by taking the median of most recent instantaneous ranges as described in Section 3.1. The time
tracked range value is used for extracting the breathing signal from the radar signal.

As seen on Figures 4.2, 4.3, 4.4, 4.5, 4.6, and 4.7, the radar is able to locate a stationary
human very effectively, even in instances when the instantaneous range jumps due to noise or
random body movements, the time tracked range, which is used to extract the breathing signal is

not affected.
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Figure 4.2: Range of subject with subject sitting in front of radar, with face towards radar
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Figure 4.4: Range of subject with subject sitting in front of radar, with back towards radar
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Figure 4.5: Range of subject with subject standing in front of radar, with back towards radar
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Figure 4.7: Range of subject with subject standing in front of radar, with left side towards radar
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4.2.1.1 Summary of results

Since the subject is stationary in all test cases (Given that the subject behaves as instructed
and stays sufficiently stationary), the expected value of the standard deviation of the range
estimation should be O for all test cases. Tables 4.1, 4.2 and 4.3 shows the standard deviation
of the tracked range, (tracked using the method described in Section 3.1) and the instantaneous
range, calculated for all test cases. It can be seen that the standard deviation values are very close
to O for all test cases except when the subject is sitting at P2 with their back or left side towards
the radar. This is due to some outliers in range estimation as it can be seen in Figures 4.4 and 4.6.
However, it can be seen that the tracked range estimation minimizes the standard deviation in
these two cases as well allowing the system to track the subject as effectively as possible.

The range estimation is also evaluated by comparing it to the reference range value obtained
using a distance measurement device. Since a bias value is present in all range estimations from
the radar and the manually collected distance to the persons location due to the reasons described
in the start of Section 4.2.1, the summary of the results contain the mean absolute errors of
the instantaneous range and tracked range before and after removing the bias value. The bias
value is removed by taking the mean error rate and removing this mean value from the estimated
range. Tables 4.4, 4.5, 4.6, 4.7, 4.8, and 4.9 contains the summary of range estimation of a
stationary subject and as seen from these tables, the system is able to track the subject properly
in all test-cases. However, it should be noted here that the same two test cases mentioned above
(Sitting with back towards radar on position P2 and sitting with left side towards radar on position

P2) shows higher mean error in both tracked and instantaneous ranges.

Table 4.1: Standard deviation of range estimation for all test cases with subject facing the radar

(P1 |P2 |P3 |P4
Sitting and facing the radar
Standard deviation of tracked range (m) 0.00 | 0.00 | 0.01 | 0.08
Standard deviation of instantaneous range (m) | 0.06 | 0.00 | 0.01 | 0.14
Standing and facing radar
Standard deviation of tracked range (m) 0.01 | 0.00 | 0.00 | 0.04
Standard deviation of instantaneous range (m) | 0.02 | 0.02 | 0.04 | 0.11
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Table 4.2: Standard deviation of range estimation for all test cases with subjects’ back towards

the radar

|P1 |P2 |P3 |P4
Sitting with back towards radar
Standard deviation of tracked range (m) 0.00 | 0.59 | 0.00 | 0.00
Standard deviation of instantaneous range (m) | 0.09 | 0.79 | 0.45 | 0.01
Standing with back towards radar
Standard deviation of tracked range (m) 0.00 | 0.02 | 0.01 | 0.01
Standard deviation of instantaneous range (m) | 0.01 | 0.05 | 0.02 | 0.11

Table 4.3: Standard deviation of range estimation for all test cases with subjects’ left side towards

the radar

[PI [P2 [P3 |P4
Sitting and side towards the radar
Standard deviation of tracked range (m) 0.01 | 0.14 | 0.04 | 0.02
Standard deviation of instantaneous range (m) | 0.02 | 0.60 | 0.19 | 0.12
Standing and side towards the radar
Standard deviation of tracked range (m) 0.00 | 0.01 | 0.00 | 0.00
Standard deviation of instantaneous range (m) | 0.01 | 0.09 | 0.01 | 0.01

Table 4.4: Error rates in range estimation for all experiments with person sitting in front and

facing the radar

Position Mean error in | Mean error in | Bias removed | Bias removed
tracked range | instantaneous mean error in | mean erorr in
(m) range (m) tracked range | instantaneous

(m) range (m)

P1 0.17 0.19 0.004 0.04

P2 0.03 0.03 0.00 0.00

P3 0.23 0.23 0.005 0.01

P4 0.72 0.73 0.06 0.09

Table 4.5: Error rates in range estimation for all experiments with person standing in front and

facing the radar

Position Mean error in | Mean error in | Bias removed | Bias removed
tracked range | instantaneous mean error in | mean erorr in
(m) range (m) tracked range | instantaneous

(m) range (m)

P1 0.22 0.22 0.005 0.01

P2 0.00 0.01 0.002 0.01

P3 0.12 0.11 0.002 0.01

P4 0.32 0.36 0.03 0.10
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Table 4.6: Error rates in range estimation for all experiments with person sitting with back

towards the radar

Position Mean error in | Mean error in | Bias removed | Bias removed
tracked range | instantaneous mean error in | mean erorr in
(m) range (m) tracked range | instantaneous

(m) range (m)

P1 0.15 0.19 0.000 0.05

P2 0.85 0.79 0.42 0.48

P3 0.28 0.35 0.002 0.14

P4 0.02 0.03 0.00 0.01

Table 4.7: Error rates in range estimation for all experiments with person standing with back

towards the radar

Position Mean error in | Mean error in | Bias removed | Bias removed
tracked range | instantaneous mean error in | mean erorr in
(m) range (m) tracked range | instantaneous

(m) range (m)

P1 0.15 0.15 0.002 0.01

P2 0.17 0.19 0.011 0.04

P3 0.11 0.10 0.004 0.02

P4 0.25 0.30 0.00 0.10

Table 4.8: Error rates in range estimation for all experiments with person sitting with their left
side towards the radar

Position Mean error in | Mean error in | Bias removed | Bias removed
tracked range | instantaneous mean error in | mean erorr in
(m) range (m) tracked range | instantaneous

(m) range (m)

P1 0.16 0.17 0.003 0.02

P2 0.14 0.59 0.07 0.57

P3 0.21 0.22 0.029 0.03

P4 0.26 0.24 0.01 0.09

Table 4.9: Error rates in range estimation for all experiments with person standing with their left
side towards the radar

Position Mean error in | Mean error in | Bias removed | Bias removed
tracked range | instantaneous mean error in | mean erorr in
(m) range (m) tracked range | instantaneous

(m) range (m)

P1 0.18 0.18 0.002 0.01

P2 0.05 0.08 0.003 0.03

P3 0.11 0.12 0.004 0.01

P4 0.06 0.06 0.00 0.01
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4.2.2 Non-stationary subject

Range estimation of non stationary subjects are explored using two different scenarios:

1. Subject changing postures randomly such as sitting, standing, lying down, moving arm-

s/legs while sitting, standing or lying down, etc.

2. Subject walking around the room.

4.2.2.1 Subject changing postures randomly

In this experiment the subject was asked to change their posture randomly and to move their
arms/legs randomly from time to time. Some of the movements can be seen on Figure 4.8 (The
camera is placed at 5 cm to the left side of the radar and the camera and radar are both oriented
at the same direction). As seen on Figure 4.9, the system is able to locate the person always. The
subject is standing at around 4.5 meters from the radar and as it can be seen on Figure 4.9, when
the subject sits down (at around 250 seconds) on the chair, his range increases to 5 meters as
his chest is farther back from the radar when he’s sitting. It can also be seen on Figure 4.9, the
subjects’ level of activity is properly detected by the radar by the algorithm described in Section
3.1.2. It can also be seen that the activity level detection is accurate in 171 out of 178 total cases

and this translates into an accuracy of 96%.
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(h) 300 seconds

(1) 330 seconds (j) 350 seconds

Figure 4.8: Some of the movements of the subject with time (Faces blurred for anonymity). The
movements depicted in the Figures are: (a) Stationary and standing, (b) and (c) Standing with
random body movements (RBM), (d) and (e) lying down with RBM, (f) lying down stationary
(g) lying down with RBM, (h) sitting down stationary, (i) and (j) sitting with RBM
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Figure 4.9: Range tracking of subject in different postures
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4.2.2.2 Subject walking around the room

In this experiment the subject is walking back and forth from the radar randomly. The subject
does not walk in a straight line and moves around the room randomly. However the subjects’
movements are always back and forth towards and away from the radar along the radars’ axis.
(i.e. Let’s assume the radar is facing north. The subject is them always moving towards north
and south in front of the radar(however, the distance they move towards north and south are
random). But his movements towards east and west are random) Hence, if the radar is tracking
the subject properly, the range profile should show the range of the subject increasing and
decreasing forming a zigzag pattern. The subject is also free to move their arms and talk while
they are moving. As seen on Figures 4.10, 4.12 and 4.14, the subjects are completely free to
walk around the room as they wish.

As seen on Figures 4.11, 4.13, and 4.15, the range tracking system described in Section 3.1
is able to track the range of the subject as a very prominent zigzag pattern is seen on the range
profile, and it can also be seen that the movement detection algorithm described in Section 3.1.2
is able to detect that the person is not stationary 100% of the time as there are no instances in
Figures 4.11, 4.13, and 4.15 when the person is detected as stationary. Even though the range
tracking system described in Section 3.1 runs in the background, the tracked range is never used

when the person is not stationary and the breathing rate is not calculated in such instances.

(e) 52 seconds (f) 72 seconds (g) 139 seconds (h) 173 seconds

Figure 4.10: Some of the movements of subject 1 with time (The subject is moving back and
forth towards and away from the radar continuously)
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Range and activity with time

Activity labels: 0=Stationary, 1=Moving

10 2

T T
+++++++++++++++++++++++++++++++++++++++++++

LLL L] LAk

Activity label

Range (m)
B
— ¥
—

0 0

"’h""mu'\” AL ob oy g h"\.‘?’b?h
W el o A V] BN P L
PR ACA RS PO A AN A O R

— InstantanecusRange(m) ¢  Activity label

Figure 4.11: Range and activity tracking with subject 1 walking around the room

(a) 42 seconds (b) 150 seconds (c) 154 seconds (d) 166 seconds

(e) 286 seconds (f) 307 seconds (g) 314 seconds (h) 350 seconds

Figure 4.12: Some of the movements of subject 2 with time (The subject is moving back and
forth towards and away from the radar continuously)
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Range and activity with time

Activity labels: O=Stationary, 1=Moving
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Figure 4.13: Range and activity tracking with subject 2 walking around the room

(a) 3 seconds (b) 81 seconds (c) 87 seconds (d) 155 seconds

Figure 4.14: Some of the movements of subject 3 with time (The subject is moving back and
forth towards and away from the radar continuously)
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Range and activity with time

Activity labels: 0=Stationary, 1=Moving

o

NIFETETY R
/ VNV U Y

1

L e e TTTT117T T O
B TS G I L IR N@@fp“a R A P S
VARV E RS N LEHE U

Time(s)}

- [NStantaneousRange(m) s Activity label

Figure 4.15: Range and activity tracking with subject 3 walking around the room
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4.3 Breathing rate estimation

This section examines breathing rate estimation in a wide variety of test cases. The performance
of the four best performing breathing rate algorithms, namely, the novel CEEMDAN based
method (Referred to as EMD method in this section) introduced in Section 3.2.2, FFT based
method described in Section 3.2.1, Minkowski distance based method introduced by Xinyang
Zhang in [31] and described in Section 2.3.3 (Referred to as MinkBRate method in this section)
and the NMD based method described in Section 3.2.3 and the results of the scoring algorithm
described in Section 3.2.4 which selects the best algorithm dynamically are the main focus of

this section. Some results from other algorithms are also shown in Section 4.3.2.

4.3.1 Reference value calculation

The reference values used in this section (Section 4.3) are calculated using a BioRadio™ 150
breathing belt sensor by GLneurotech®. A C++ application was developed using the C++
API provided by GLneurotech as described in Section 3.3 and the data from the breathing
belt sensor is synchronized with the radar data by opening a socket connection between the
Matlab application (Section 3.3) collecting data and the C++ application and transmitting relative
time-stamps (Times are synchronized once per test-case and the two applications keep track
of the relative time-stamps throughout each test-case). Since the data processing is done using
overlapping windows, after selecting the window of data corresponding to the radar data, the
closest possible window is found corresponding to the data from the breathing belt file. This
has to be done since the two sensors have different sampling rates and the window start and
end times are always slightly different (in the order of few milliseconds). After selecting this
window of breathing belt data, the Fourier transform of the data is calculated after applying a
Hamming window onto the data. The frequency value corresponding to the maximum amplitude
in the frequency domain is selected and this frequency value is multiplied by 60 to estimate the
breathing rate. Since the data from the breathing belt are very clean compared to the data from
the radar, such a simple method can be used for estimating the breathing rate from the reference
data. As mentioned on Section 3.6, the breathing rates are calculated using a moving window

algorithm for all algorithms, including the reference rate, with the window size being 20 seconds.
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4.3.2 Stationary subject at multiple positions and orientations

This section contains the breathing rate estimation results from the same set of test-cases as
described in Section 4.2.1. Figure 4.16 shows the system tracking the breathing rate of the
subject through time when the subject is sitting in front of the radar with their face towards the
radar at the four points described in Section 4.2.1. The summary of all the test-cases can be seen
in Tables B.1 to B.24. As seen on these tables, a single algorithm can not be pointed out to be
working well in all the cases as the performance of algorithms vary between test cases. As seen
on these cases, the scoring system is able to reduce the error rate of the final estimate in most of
the cases except when all the algorithms perform poorly. This is due to the fact that the scoring
system relies on the assumption that at least a majority of the used algorithms give a good enough
estimate. However, when majority of algorithms give a good enough estimate, the scoring
system is able to select the best algorithm and reduce the mean error rate as seen on Tables
B.1 to B.24 in Appendix B.1. Table 4.10 shows a summary of all test cases with a stationary
subject and as seen on this table, the mean error rate of the breathing rate estimation is relatively
higher when the person is standing compared to the cases when the person is sitting down. This
is due to the fact that the persons’ body moves slightly during such instances and hence this
affects the breathing rate estimation as the chest movements are modulated on top of the small
body movements. Even though the novel CEEMDAN based algorithm described in Section
3.2.2 is able to decompose large body movements into different modes if the body movements
have relatively larger amplitude compared to chest movements, it is not able to differentiate
between body movements and chest movements if both the body and chest movements have
similar amplitudes (If the body movements are too large obstructing the radar from seeing a
breathing signal, the movement detection algorithm in Section 3.1.2 detects such movements and
classifies these instances as the subject moving and breathing rates are not calculated). Therefore
a possible improvement on the breathing rate estimation algorithms would be to detect when
breathing signals are modulated with small body movements and remove such movements from
the signal before estimating breathing rate. One possible solution would be to develop a system
that learns a subjects’ breathing patterns with time and is able to differentiate between a radar

signals with and without modulation from small body movements.
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Figure 4.16: Breathing rate of subject with subject sitting in front of radar, with their front
towards radar

88



Table 4.10: Standard deviation of range estimation (in meters) and mean error rate of breathing
rate (using the scoring algorithm in Section 3.2.4) estimation (in breaths per minute) for all
positions and orientations for stationary subject

Orientation/Posture P1 P2 P3 P4
Range | B.Rate | Range | B.Rate | Range | B.Rate | Range | B.Rate

FRONT

SIT 0 1.11 0 0.44 0.01 0.51 0.08 0.92

STAND 0.01 2.24 0 2.23 0 3.06 0.04 1.72
BACK

SIT 0 0.64 0.59 1.68 0 3.99 0 2.04

STAND 0 3.28 0.02 1.91 0.01 6.11 0.01 0.68
SIDE

SIT 0.01 1.99 0.14 0.8 0.04 0.45 0.02 4.39

STAND 0 2.68 0.01 1.76 0 4.13 0 0.86

4.3.2.1 Performance of other miscellaneous algorithms

This subsection contains the results from some of the algorithms described in Section 2.3. The

algorithms compared in this section are:
* Shannon energy based algorithm in Section 2.3.1.
* Notch filter based algorithm in Section 2.3.1 [17].
* Ellipse fitting algorithm in Section 2.3.1.
¢ Wavelet transform based method in Section 2.3.3 [30].
* Welch periodogram based method in Section 2.3.1.
* Rectangular moving window algorithm in Section 2.3.1.
* Sum squared algorithm in Section 2.3.1.

The results corresponding to this section can be found in Appendix B.2. As seen in Tables
B.25 to B.30, these algorithms work adequately only in some of the test cases and it can not
be reliably said that any one of these algorithms work well in all the test cases. Hence, these

algorithms are not included in the rest of this chapter for comparison of accuracy.
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4.3.3 Comprehensive study with multiple subjects

A comprehensive study was conducted with 9 subjects sitting (with their front towards the
radar) in front of the radar on a swivel chair approximately 4 meters away from the radar with a
breathing belt attached to their chest and breathing normally. The goal of this experiment was to
test the accuracy of the breathing rate estimation system for different subjects and to see if there
are any noticeable differences in accuracy of the algorithms for the different subjects. The results
of this experiment are presented in this section. At the time of the experiments, the subjects
were males between 18 and 35 years of age and to the best of the authors’ knowledge (based
on voluntary disclosure by subjects) did not have any respiratory diseases. The results and the
performance of algorithms in different conditions are explained using results from 3 subjects in

this section and Section 4.3.3.4 contains a summary of the results for all 9 subjects.

4.3.3.1 Subject 01

As seen on Figure 4.17, the novel EMD based algorithm presented in section3.2.2 closely
follows the reference breathing rate and it can be seen that the other methods such as the
Minkowski distance based method used by Xingyang Zhang in [31], described in section2.3.3
makes significant errors in estimating breathing rate in some situations. However, the scoring
method introduced in 3.2.4 is able to select the best performing algorithm at all times as it can be
seen that the result from the scoring algorithm closely follows the reference breathing rate. This
can be further observed in table 4.11 where it can clearly be seen that the scoring method has the
lowest mean absolute error.

An assumption in the scoring algorithm to select the best performing algorithm automatically
is that the breathing rate does not change suddenly. However, if the breathing rate changes

Table 4.11: Mean absolute error and standard deviation of breathing rate estimation error (units
are in breaths per minute) of best performing algorithms

Algorithm Mean absolute error | Standard deviation of absolute error
EMD method 2.11 3.93
FFT Max.Freq. method 2.33 3.89
Minkowski distance method 3.96 5.09
NMD method 1.98 2.81
Scoring method 1.66 2.66
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Figure 4.17: Breathing rate of subject 01 with time

gradually the scoring algorithm should be able to track and select the best performing algorithm.
Figure 4.18 shows such a situation when the breathing rate changes with time and the scoring
algorithm closely tracking the breathing rate.

Figure 4.19 shows a situation when the subject moves their body randomly(small head and
arm movements). The subject moves their head and arms near the end of the experiment and
it can be seen that their breathing rate also changes during this time. However, as seen on
this figure, the breathing rate estimation is not severely affected by this as the result after the
scoring method closely follows the reference breathing rate. Table 4.12 shows the mean absolute
error and the standard deviation of the absolute error which reiterates that the breathing rate

estimations are performing well in this test-case as well.
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Table 4.12: Mean absolute error and standard deviation of absolute error (Units are in breath-
s/minute) of breathing rate estimation for a test-case where the subject performs small random

body movements (test-case shown in Figure 4.19)

Algorithm Mean Absolute Error(Br/min) | Standard deviation of Absolute Error
EMD method 1.14 1.50
FFTMaxFreq method 1.23 1.71
MinkBRate method 3.00 4.62
NMD method 4.46 2.14
Scoring method 1.23 1.69
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Figure 4.19: Effect of random body movements on breathing rate

4.3.3.2 Subject 02

As it can be seen from Figure 4.20, the subject’s breathing rate is tracked properly by most of
the algorithms except the Minkowski distance based method and the FFT based method during
the period around 45 seconds to 52 seconds. As it can be seen on the figure, the scoring system
is still able to select the correct breathing rate in this situation too. This is also apparent in the
absolute error rate of the scoring method as shown in Table 4.13. Figure 4.21 shows a situation
when the FFT based method continuously gives very high estimates for breathing rate. However,

Table 4.13: Mean and standard deviation of absolute error (in breaths per minute) of best
performing algorithms for the test-case corresponding to Figure 4.20

Algorithm name Mean Absolute Error | Standard deviation of Absolute Error
EMD method 0.49 0.60
FFT Max.Freq. Method 1.93 3.08
Minkowski distance method 1.62 3.75
NMD method 1.51 1.87
Scoring method 0.48 0.62
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Figure 4.20: Breathing rate tracked through time

Table 4.14: Mean and standard deviation of absolute error (in breaths per minute) of best
performing algorithms for the test-case corresponding to Figure 4.21

Algorithm name Mean Absolute Error | Standard deviation of Absolute Error
EMD method 1.24 2.86
FFT Max.Freq. Method 7.42 8.36
Minkowski distance method 1.62 3.50
NMD method 2.06 2.78
Scoring method 1.43 3.02

it can be seen in this chart that the scoring system is still not affected and the reported breathing
rate by the scoring method is able to select the best performing algorithm dynamically. This fact

is further emphasized by the error rates shown in Table 4.14.
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Figure 4.21: Breathing rate tracked through time

4.3.3.3 Subject 03

Figures 4.22, 4.23 and Tables 4.15, 4.16 shows two test cases with subject 03 and as can be seen
in these figures and tables, the system is able to track the breathing rate with very minimal error.
The next section (Section 4.3.3.4 summarizes all the results from all 9 subjects studied and

compares the performance of all evaluated algorithms.

Table 4.15: Mean error and standard deviation of breathing rate estimation for subject 03 (Units
are in breaths/minute) for the test case corresponding to Figure 4.22

Algorithm name Mean Absolute Error | Standard deviation of Absolute Error
EMD method 1.47 2.90
FFT Max.Freq. Method 0.65 0.29
Minkowski distance method | 1.17 2.25
NMD method 2.20 1.88
Scoring method 0.86 0.68
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Figure 4.23: Breathing rate tracked through time
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Table 4.16: Mean error and standard deviation of breathing rate estimation for subject 03 (Units
are in breaths/minute) for the test case corresponding to Figure 4.23

Algorithm name Mean Absolute Error | Standard deviation of Absolute Error
EMD method 1.28 1.93
FFT Max.Freq. Method 0.94 1.42
Minkowski distance method 1.27 1.75
NMD method 1.16 1.43
Scoring method 1.05 1.57

4.3.3.4 Summary for all subjects

This subsection contains the summary of results for selected best performing algorithms for all
the subjects. As seen on Table B.31 on Appendix B.3, the system is able to estimate breathing
rate with very minimal errors. It can also be seen that a single algorithm can not be chosen as
the best performing algorithm as the performance of each algorithm varies within each test-case.
However, the scoring method which selects the best performing algorithm dynamically is able
to minimize the error in most of the cases. Even in cases when the performance of the scoring
algorithm is worse than the best performing algorithm in that case, the scoring algorithm has
mean error rates very close to the best performing algorithm. This gives the system more
reliability than just using one algorithm as even the best performing algorithm in one case can
be performing badly in another case. As it can be seen from Table B.31, the system is able
to accurately estimate the breathing rate for all the subjects without any significant error for
any particular subject. The scoring method is able to keep the mean error rate less than 1.03
breaths per minute in all the subjects. As explained on Figure 4.19, the system is able to estimate
breathing rate even in the presence of small random body movements. Large body movements
which inhibit the radars’ ability to estimate a breathing rate are detected by the algorithm in
Section 3.1.2, and the subjects were asked to stay stationary during the experiments. However,
most of the subjects did small body movements as the tests were conducted for long periods of
time (15 minutes), the subjects always showed small body movements as shown in Figure 4.19.
However, it can be seen that the accuracy of breathing rate estimation is not affected adversely
by observing the mean error rate and the standard deviation of the absolute error showing very
small values.

Table 4.17 shows the mean absolute error of each algorithm for all 9 subjects and as seen

on this table, the novel algorithm described in Section 3.2.2 (Named as ‘EMD algorithm’ in the
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Table 4.17: Mean absolute error for all 9 subjects (Units are in breaths per minute)

Algorithm Mean absolute error (Breaths/min)
EMD algorithm 0.79
FFTMaxFreq method 2.03
MinkBRate 2.18
NMD method 2.12
Scoring method 0.78

Table 4.18: Total number of times each algorithm generated best or second best results

Total times with best results | Total times with second best results
EMD algorithm 4 4
FFTMaxFreq method 1 2
MinkBRate 2 1
NMD method 2 2

aforementioned table) shows the lowest mean error rate out of all algorithms and as it can be
seen on this table, the scoring method to choose the best algorithm dynamically (described in
Section 3.2.4) is able to further minimize the error in breathing rate estimation by dynamically
selecting the best performing algorithm to report breathing rate. Individual results corresponding
to each subject and each algorithm can be found in Appendix B.3.

Table 4.18 shows the total number of times each algorithm provided the best and second best
results out of the 9 total subjects. As seen on this table, the EMD based algorithm in Section
3.2.2 provided the best results 4 times out of 9 and even in the cases when it did not provide
the best result, it provided the second best result in another 4 out of 9 cases. As such, the EMD

method provided the best or second best results in 8 out of the 9 total cases.
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Chapter 5

Conclusion

Even though radar based contactless breathing rate estimation has been explored since the 1960s,
the use of radars for this purpose is still not popular nor used for continuously monitoring
people in real-world situations. The main goal of this research was to evaluate the existing
methods/algorithms for breathing rate estimation and to evaluate the possibility of using these
algorithms in a real-world situation. As the accuracy of most of the current algorithms were
observed to be not satisfactory in real-world situations, a novel algorithm was developed to
improve the breathing rate estimation in such situations. As many of the algorithms used in
this field only work on specific situations and tend to fail intermittently when they are used
in real-world situations, an algorithm was developed to score each breathing rate estimation
algorithm dynamically and select the best algorithm automatically depending on the consistency
of their results. The final system developed for this research consists of the novel breathing rate
estimation algorithm along with several other existing algorithms estimating the breathing rate in
parallel and the scoring system selecting the best performing algorithm dynamically. However,
it should be noted that since the scoring system to select the best performing algorithm does
not have any reference signal to evaluate the algorithms, the system selects the best performing
algorithm based on their relative performance with each other and their individual performance
through time. Hence, if all or a high majority of the algorithms used in this system are giving
erroneous results, the scoring system is not able to select a good estimate for the breathing rate
of the subject.

Most of the work in this field also focus mainly on test-cases with the subject being stationary

and since in a real-world situation, the subject can be walking around a room or doing random
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body movements which would interfere with capturing the breathing signal using a radar, in a
real-world application, these movements should be automatically identified and the breathing
signal or the breathing rate should not be reported in such situations as the estimates can be
erroneous in such cases. A system was developed to identify the presence of a breathing-like
signal and this enabled the breathing rate estimation to be performed only when a breathing
signal is present in the radars’ range. This system is critical in applying this solution in real-world
situations as trying to estimate breathing rate when a breathing signal is not present can introduce
problems as the system would be reporting erroneous results.

Another requirement in such a system is to test it under many different situations. However,
if this testing and data analysis was done manually, the researcher(s) would have to spend a lot
of time just collecting, labelling and processing the data for each test-case manually. Hence,
an automated system was developed that is able to collect radar data simultaneously with a
reference sensor and then process the data and generate reports about the accuracy of all the
tested algorithms, comparing them with the reference data. This system enabled the development
stage to be fast-tracked as iterative developments were faster as the testing of the complete
system was automatic.

The final system developed as a result of this work is a Python™ application that performs

breathing rate estimation and related tasks in the following order;
1. Locate a person in the radars’ range.
2. Check for the presence of a breathing-like signal

3. Estimate breathing rate using a novel breathing rate estimation algorithm and many other

existing algorithms simultaneously.
4. Select the best performing algorithm dynamically.
5. Send the results to a local GUI and a cloud server.

This system was also developed in a modular fashion and is compatible with both Python™
and Matlab® based algorithms for breathing rate estimation. New algorithms can be incorporated

into this system by simply writing a Matlab or Python script and the same scripts can be
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incorporated into the report generation frameworks as well without any modification of the code,

and this allows for expansion of this work with minimal effort.

5.1 Limitations and future work

Even-though the system introduced in Section 3.1.2 is able to detect the presence of a breathing
like signal, the thresholds used in the auto-correlation based approach to determine the presence
of a breathing like signal needs to be adjusted if the requirement arises to detect breathing rates
higher than normal breathing rates for healthy humans. The thresholds used in this work can
identify breathing signals up to 30 breaths per minute and a threshold that is too low could make
the system produce a lot of false positives on breathing-like signal detection. It is assumed that a
person having a breathing rate higher than 30 breaths per minute for prolonged periods of time
would be suffering from a respiratory disease that would be detected by a doctor or a certified
medical device.

Distinguishing between other movements generated by sources such as fans, moving water,
electric motors, etc. and human breathing signals and the effect on the breathing rate estimation
in the presence of such devices which follow periodic or random movement patterns have not
been explored in this work. Studying the effects of other sources of physical movement on the
area being monitored by radar can be studied as part of a future study.

Even-though it is known that UWB radar is capable of penetrating solid obstacles such as
partition walls etc. which are not made of metal, the effect of such an obstacle between the radar
and the subject has not been explored in this research. Exploring the effect of obstacles such as
partition walls, thick blankets, etc. between the radar and the subject can also be studied as part
of a future study.

Some other possible future work based on this work are as follows:

1. The performance of the algorithms presented in this research will be tested under realistic
conditions in a real elder care facility environment, with both healthy elders and elders
with conditions affecting their respiration. A three month long period of uncontrolled data
collection is planned to collect data from seniors in an elder care facility in Ottawa and

the data-collection systems described in this thesis will be used for this task and the data
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will be analyzed while the data is being collected and the results will automatically be sent
to a cloud server (provided that an internet connection is available). The raw data will
also be saved locally and analyzed separately by researchers. All the software components

required for data collection and local analysis were developed during this thesis work.

2. The automatic algorithm selection system described in Section 3.2.4 can be improved by
incorporating machine learning algorithms that can understand which algorithms would
perform well in different patient/posture/activity level combinations. A possible system
could be trained in real-time using reference data from a breathing belt (The data-collection

system described in Section 3.3 could be extended for this purpose).

3. Additional information about the subject such as accurate posture and activity level
classifications along with fall detection can be done by synchronizing the radar data with a

3D camera. Initial work on this has already been carried out as shown in Appendix C.2.

4. Moving block bootstrap' based confidence interval estimation can be incorporated into
the system by running the breathing rate estimation thread described in Section 3.6.
Currently this thread runs on moving blocks of time in a deterministic manner (one
window after another with each window constructed by advancing time). This process
could be randomized and breathing rates could be estimated for multiple blocks of time
in a parallel manner by running multiple instances of the same Python™ class developed
for breathing rate estimation. These confidence intervals can then be used for evaluating
the breathing rate estimation algorithms (Provided that enough computing resources are
available to perform block bootstrap confidence intervals for each algorithm) and select

the best performing algorithm dynamically.

https://en.wikipedia.org/wiki/Bootstrapping_(statistics)
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Appendix B

Detailed resulis

B.1 Breathing rate estimation results for stationary
subject at multiple positions and orientations

This section contains the results of breathing rate estimation for the test cases corresponding to

Section 4.3.2.

Table B.1: Mean absolute error and standard deviation of absolute error in breathing rate
estimation with subject sitting at point P1 with their front towards the radar. (Units are in
breaths/minute)

Algorithm Mean Absolute Error(Br/min) | Standard deviation of Absolute Error
EMD method 1.65 1.68
FFTMaxFreq method 0.77 0.47
MinkBRate method 3.07 4.05
NMD method 1.24 1.98
Scoring method 1.11 1.58

Table B.2: Mean absolute error and standard deviation of absolute error in breathing rate
estimation with subject sitting at point P2 with their front towards the radar. (Units are in
breaths/minute)

Algorithm Mean Absolute Error(Br/min) | Standard deviation of Absolute Error
EMD method 0.59 0.27
FFTMaxFreq method 0.67 0.28
MinkBRate method 0.60 0.27
NMD method 0.67 1.60
Scoring method 0.44 0.38
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Table B.3: Mean absolute error and standard deviation of absolute error in breathing rate
estimation with subject sitting at point P3 with their front towards the radar. (Units are in
breaths/minute)

Algorithm Mean Absolute Error(Br/min) | Standard deviation of Absolute Error
EMD method 1.17 1.43
FFTMaxFreq method 0.56 0.21
MinkBRate method 6.52 9.40
NMD method 0.73 1.15
Scoring method 0.51 0.22

Table B.4: Mean absolute error and standard deviation of absolute error in breathing rate
estimation with subject sitting at point P4 with their front towards the radar. (Units are in
breaths/minute)

Algorithm Mean Absolute Error(Br/min) | Standard deviation of Absolute Error
EMD method 1.30 1.21
FFTMaxFreq method 0.90 0.57
MinkBRate method 1.52 1.26
NMD method 1.26 1.75
Scoring method 0.92 0.65

Table B.5: Mean absolute error and standard deviation of absolute error in breathing rate
estimation with subject standing at point P1 with their front towards the radar. (Units are in
breaths/minute)

Algorithm Mean Absolute Error(Br/min) | Standard deviation of Absolute Error
EMD method 3.59 3.23
FFTMaxFreq method 2.20 1.51
MinkBRate method 4.75 3.62
NMD method 2.33 2.00
Scoring method 2.24 1.98

Table B.6: Mean absolute error and standard deviation of absolute error in breathing rate
estimation with subject standing at point P2 with their front towards the radar. (Units are in
breaths/minute)

Algorithm Mean Absolute Error(Br/min) | Standard deviation of Absolute Error
EMD method 4.09 271
FFTMaxFreq method 3.16 3.07
MinkBRate method 4.88 4.01
NMD method 242 1.43
Scoring method 2.23 1.37
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Table B.7: Mean absolute error and standard deviation of absolute error in breathing rate
estimation with subject standing at point P3 with their front towards the radar. (Units are in
breaths/minute)

Algorithm Mean Absolute Error(Br/min) | Standard deviation of Absolute Error
EMD method 4.23 2.24
FFTMaxFreq method 3.23 2.63
MinkBRate method 5.74 2.19
NMD method 2.53 2.04
Scoring method 3.06 2.11

Table B.8: Mean absolute error and standard deviation of absolute error in breathing rate
estimation with subject standing at point P4 with their front towards the radar. (Units are in
breaths/minute)

Algorithm Mean Absolute Error(Br/min) | Standard deviation of Absolute Error
EMD method 2.74 2.22
FFTMaxFreq method 1.70 1.18
MinkBRate method 3.17 3.45
NMD method 2.67 2.15
Scoring method 1.72 1.26

Table B.9: Mean absolute error and standard deviation of absolute error in breathing rate
estimation with subject sitting at point P1 with their back towards the radar. (Units are in
breaths/minute)

Algorithm Mean Absolute Error(Br/min) | Standard deviation of Absolute Error
EMD method 1.10 0.77
FFTMaxFreq method 0.66 0.39
MinkBRate method 1.13 0.74
NMD method 1.28 2.06
Scoring method 0.64 0.42

Table B.10: Mean absolute error and standard deviation of absolute error in breathing rate
estimation with subject sitting at point P2 with their back towards the radar. (Units are in
breaths/minute)

Algorithm Mean Absolute Error(Br/min) | Standard deviation of Absolute Error
EMD method 1.31 1.68

FFTMaxFreq method 1.25 1.85

MinkBRate method 65.48 126.65

NMD method 3.27 1.76

Scoring method 1.68 1.84
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Table B.11: Mean absolute error and standard deviation of absolute error in breathing rate
estimation with subject sitting at point P3 with their back towards the radar. (Units are in
breaths/minute)

Algorithm Mean Absolute Error(Br/min) | Standard deviation of Absolute Error
EMD method 2.64 2.15
FFTMaxFreq method 2.24 1.67
MinkBRate method 8.04 3.33
NMD method 1.93 1.72
Scoring method 3.99 3.58

Table B.12: Mean absolute error and standard deviation of absolute error in breathing rate
estimation with subject sitting at point P4 with their back towards the radar. (Units are in
breaths/minute)

Algorithm Mean Absolute Error(Br/min) | Standard deviation of Absolute Error
EMD method 2.84 2.22
FFTMaxFreq method 2.04 1.36
MinkBRate method 4.53 3.25
NMD method 2.24 1.40
Scoring method 2.04 1.36

Table B.13: Mean absolute error and standard deviation of absolute error in breathing rate
estimation with subject standing at point P1 with their back towards the radar. (Units are in
breaths/minute)

Algorithm Mean Absolute Error(Br/min) | Standard deviation of Absolute Error
EMD method 4.34 3.75
FFTMaxFreq method 3.14 2.29
MinkBRate method 5.01 3.97
NMD method 2.06 1.39
Scoring method 3.28 2.78

Table B.14: Mean absolute error and standard deviation of absolute error in breathing rate
estimation with subject standing at point P2 with their back towards the radar. (Units are in
breaths/minute)

Algorithm Mean Absolute Error(Br/min) | Standard deviation of Absolute Error
EMD method 342 3.99
FFTMaxFreq method 2.13 2.33
MinkBRate method 3.39 4.16
NMD method 1.82 2.11
Scoring method 1.91 2.49
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Table B.15: Mean absolute error and standard deviation of absolute error in breathing rate
estimation with subject standing at point P3 with their back towards the radar. (Units are in

breaths/minute)
Algorithm Mean Absolute Error(Br/min) | Standard deviation of Absolute Error
EMD method 7.12 3.55
FFTMaxFreq method 5.66 3.25
MinkBRate method 5.17 5.70
NMD method 1.93 2.17
Scoring method 6.11 3.50

Table B.16: Mean absolute error and standard deviation of absolute error in breathing rate
estimation with subject standing at point P4 with their back towards the radar. (Units are in

breaths/minute)
Algorithm Mean Absolute Error(Br/min) | Standard deviation of Absolute Error
EMD method 3.16 4.35
FFTMaxFreq method 0.75 0.65
MinkBRate method 7.69 8.56
NMD method 1.31 1.91
Scoring method 0.68 0.66

Table B.17: Mean absolute error and standard deviation of absolute error in breathing rate
estimation with subject sitting at point P1 with their left side towards the radar. (Units are in

breaths/minute)
Algorithm Mean Absolute Error(Br/min) | Standard deviation of Absolute Error
EMD method 3.95 5.26
FFTMaxFreq method 1.83 4.12
MinkBRate method 4.16 5.22
NMD method 1.11 1.44
Scoring method 1.99 2.81

Table B.18: Mean absolute error and standard deviation of absolute error in breathing rate
estimation with subject sitting at point P2 with their left side towards the radar. (Units are in

breaths/minute)
Algorithm Mean Absolute Error(Br/min) | Standard deviation of Absolute Error
EMD method 0.81 1.71
FFTMaxFreq method 0.96 1.67
MinkBRate method 0.79 1.64
NMD method 1.67 1.57
Scoring method 0.80 1.63
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Table B.19: Mean absolute error and standard deviation of absolute error in breathing rate
estimation with subject sitting at point P3 with their left side towards the radar. (Units are in
breaths/minute)

Algorithm Mean Absolute Error(Br/min) | Standard deviation of Absolute Error
EMD method 1.48 3.89
FFTMaxFreq method 0.53 0.91
MinkBRate method 2.95 5.05
NMD method 0.91 1.37
Scoring method 0.45 0.47

Table B.20: Mean absolute error and standard deviation of absolute error in breathing rate
estimation with subject sitting at point P4 with their left side towards the radar. (Units are in
breaths/minute)

Algorithm Mean Absolute Error(Br/min) | Standard deviation of Absolute Error
EMD method 5.98 4.51
FFTMaxFreq method 6.19 5.14
MinkBRate method 6.57 4.30
NMD method 3.34 1.73
Scoring method 4.39 3.74

Table B.21: Mean absolute error and standard deviation of absolute error in breathing rate
estimation with subject standing at point P1 with their left side towards the radar. (Units are in
breaths/minute)

Algorithm Mean Absolute Error(Br/min) | Standard deviation of Absolute Error
EMD method 2.44 3.08
FFTMaxFreq method 2.78 3.37
MinkBRate method 2.90 441
NMD method 1.22 2.18
Scoring method 2.68 3.40

Table B.22: Mean absolute error and standard deviation of absolute error in breathing rate
estimation with subject standing at point P2 with their left side towards the radar. (Units are in
breaths/minute)

Algorithm Mean Absolute Error(Br/min) | Standard deviation of Absolute Error
EMD method 3.85 5.07
FFTMaxFreq method 2.01 2.38
MinkBRate method 4.21 3.87
NMD method 2.33 1.99
Scoring method 1.76 2.09
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Table B.23: Mean absolute error and standard deviation of absolute error in breathing rate
estimation with subject standing at point P3 with their left side towards the radar. (Units are in
breaths/minute)

Algorithm Mean Absolute Error(Br/min) | Standard deviation of Absolute Error
EMD method 5.91 3.05
FFTMaxFreq method 4.07 2.39
MinkBRate method 10.13 491
NMD method 2.58 2.35
Scoring method 4.13 2.98

Table B.24: Mean absolute error and standard deviation of absolute error in breathing rate
estimation with subject standing at point P4 with their left side towards the radar. (Units are in
breaths/minute)

Algorithm Mean Absolute Error(Br/min) | Standard deviation of Absolute Error
EMD method 3.44 5.21
FFTMaxFreq method 0.63 0.47
MinkBRate method 5.59 8.68
NMD method 0.82 1.09
Scoring method 0.86 1.13

B.2 Breathing rate estimation results from
miscellaneous algorithms not used in the final
system

This section contains the results for Section 4.3.2.1. The following abbreviations are used in this

subsection to describe the test-cases (Subject’s posture, orientation, location)

FR: Subject is facing the radar (Their front is towards the radar).

BA: Subject has their back towards the radar.

SL: Subject has their left side towards the radar.

P1,P2,P3,P4: Subjects’ location. A figure showing the locations corresponding to P1,P2,P3
and P4 can be found in Figure 4.1.
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Table B.25: Mean absolute error in breaths per minute for all test cases with subject sitting in
front, facing the radar

Algorithm FR-P1 | FR-P2 | FR-P3 | FR-P4
Shannon energy based algorithm 9.20 3.62 2.49 591
Notch filter based algorithm 7.16 1.60 1.32 3.33
Ellipse fitting algorithm 9.43 3.44 4.63 7.38
Wavelet transform based method 5.71 0.91 1.51 2.05
Welch periodogram 2.87 1.77 1.51 2.33
Rectangular moving window algorithm | 8.86 3.61 2.20 5.74
Sum squared algorithm 9.65 2.50 4.04 5.14

Table B.26: Mean absolute error in breaths per minute for all test cases with subject standing in
front, facing the radar

Algorithm FR-P1 | FR-P2 | FR-P3 | FR-P4
Shannon energy based algorithm 9.30 7.44 8.60 8.95
Notch filter based algorithm 7.40 6.66 7.57 5.84
Ellipse fitting algorithm 9.22 8.45 9.70 8.93
Wavelet transform based method 6.51 9.01 7.92 7.36
Welch periodogram 2.95 4.25 3.58 2.80
Rectangular moving window algorithm | 9.28 7.85 8.59 8.94
Sum squared algorithm 9.09 7.54 8.54 8.99

Table B.27: Mean absolute error in breaths per minute for all test cases with subject sitting in
front of radar with their back towards the radar

Algorithm BA-P1 | BA-P2 | BA-P3 | BA-P4
Shannon energy based algorithm 5.11 10.31 7.47 6.69
Notch filter based algorithm 2.50 10.21 6.03 4.38
Ellipse fitting algorithm 5.79 10.43 6.18 8.18
Wavelet transform based method 3.14 6.36 9.31 9.67
Welch periodogram 2.38 7.73 2.18 3.56
Rectangular moving window algorithm | 6.13 10.25 7.27 6.66
Sum squared algorithm 4.86 10.35 7.33 6.81

Table B.28: Mean absolute error in breaths per minute for all test cases with subject standing in
front of radar with their back towards the radar

Algorithm BA-P1 | BA-P2 | BA-P3 | BA-P4
Shannon energy based algorithm 7.69 7.64 10.06 | 4.43
Notch filter based algorithm 6.18 5.56 9.79 3.51
Ellipse fitting algorithm 9.64 8.50 11.26 6.15
Wavelet transform based method 9.03 9.25 10.06 | 5.16
Welch periodogram 3.39 2.51 3.57 3.21
Rectangular moving window algorithm | 7.96 7.48 9.75 4.98
Sum squared algorithm 7.61 7.22 10.04 | 4.44
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Table B.29: Mean absolute error in breaths per minute for all test cases with subject sitting in
front of radar with their left side towards the radar

Algorithm SL-P1 | SL-P2 | SL-P3 | SL-P4
Shannon energy based algorithm 6.39 5.29 7.18 7.12
Notch filter based algorithm 3.24 5.30 2.53 6.25
Ellipse fitting algorithm 6.28 5.17 8.13 7.20
Wavelet transform based method 4.40 1.81 5.09 9.36
Welch periodogram 1.34 5.00 3.13 5.01
Rectangular moving window algorithm | 6.47 5.17 5.86 6.96
Sum squared algorithm 6.43 5.39 7.21 7.15

Table B.30: Mean absolute error in breaths per minute for all test cases with subject standing in
front of radar with their left side towards the radar

Algorithm SL-P1 | SL-P2 | SL-P3 | SL-P4
Shannon energy based algorithm 10.02 | 8.46 6.55 4.95
Notch filter based algorithm 5.95 7.85 6.45 3.79
Ellipse fitting algorithm 10.43 | 8.86 7.95 6.54
Wavelet transform based method 7.62 5.93 8.37 7.09
Welch periodogram 2.78 3.07 4.33 2.29
Rectangular moving window algorithm | 9.95 8.15 6.55 5.37
Sum squared algorithm 9.65 8.46 6.37 4.99

B.3 Breathing rate estimation results for
comprehensive study with multiple subjects

This section contains results corresponding to Section 4.3.3.
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Table B.31: Mean absolute error and standard deviation of absolute error for subjects 04 to 10
(Units are in breaths per minute)

\ Mean absolute error (Br/min) \ Standard deviation of absolute error

Subject 04
EMD algorithm 0.39 0.22
FFTMaxFreq method 1.97 3.06
MinkBRate 3.18 5.10
NMD method 1.92 2.60
Scoring method 0.42 0.28
Subject 05
EMD algorithm 0.22 0.21
FFTMaxFreq method 0.53 0.22
MinkBRate 0.12 0.12
NMD method 0.63 1.37
Scoring method 0.13 0.15
Subject 06
EMD algorithm 0.91 1.11
FFTMaxFreq method 2.17 3.00
MinkBRate 1.63 2.97
NMD method 0.69 0.88
Scoring method 0.71 0.95
Subject 07
EMD algorithm 0.89 2.93
FFTMaxFreq method 0.97 2.90
MinkBRate 1.03 2.84
NMD method 0.72 1.10
Scoring method 1.03 2.84
Subject 08
EMD algorithm 0.47 0.66
FFTMaxFreq method 0.97 1.45
MinkBRate 7.24 7.00
NMD method 6.06 2.15
Scoring method 0.47 0.65
Subject 9
EMD algorithm 0.58 0.97
FFTMaxFreq method 2.06 4.46
MinkBRate 0.54 0.81
NMD method 1.33 1.72
Scoring method 0.61 1.02
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Appendix C

Other things done during this

research

This Appendix contains details about other miscellaneous things done during this thesis work.

C.1 Startup Garage program organized by the
University of Ottawa and Invest Ottawa

This research work, along with a business development and commercialization plan developed
by Dr. Miodrag Bolic, Dr. Munir Tarar, Samuel Hadwen and Dr. Sreeraman Rajan won
CAD$16,500 for commercialization of this work along with access to space and resources at the
Innovation Centre at Bayview Yards (ICBY) for commercializing a contactless system to monitor
elders at elder-care facilities through a competition organized by the University of Ottawa’s
Innovation Support Services. A complete end to end system to get radar data from the radar,

process them and send the data to the cloud was demonstrated during several occasions.

C.2 Synchronization of the radar data with a 3D depth
sensor

The radar data was synchronized with a 3D depth sensor and presented on a 3D frame along with

breathing rate estimation as a possible future work containing a radar sensor for breathing rate
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Figure C.1: Screen capture of the 3D video with radar data overlay. (radar based range estimation
is overlay-ed as a green cone on the 3d video)

detection and a 3D camera for posture and activity classification along with detecting falls. A

screen capture of the system working together can be seen in Figure C.1.
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