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Abstract

Features related to gait are fundamental metrics of human motion [1]. Human gait has been shown to
be a valuable and feasible clinical marker to determine the risk of physical and mental functional decline
[2], [3]- Technologies that detect changes in people’s gait patterns, especially older adults, could
support the detection, evaluation, and monitoring of parameters related to changes in mobility,
cognition, and frailty. Gait assessment has the potential to be leveraged as a clinical measurement as it

is not limited to a specific health care discipline and is a consistent and sensitive test [4].

A wireless technology that uses electromagnetic waves (i.e., radar) to continually measure gait
parameters at home or in a hospital without a clinician’s participation has been proposed as a suitable
solution [3], [5]. This approach is based on the interaction between electromagnetic waves with humans
and how their bodies impact the surrounding and scattered wireless signals. Since this approach uses
wireless waves, people do not need to wear or carry a device on their bodies. Additionally, an

electromagnetic wave wireless sensor has no privacy issues because there is no video-based camera.

This thesis presents the design and testing of a radar-based contactless system that can monitor
people’s gait patterns and recognize their activities in a range of indoor environments frequently and
accurately. In this thesis, the use of commercially available radars for gait monitoring is investigated,
which offers opportunities to implement unobtrusive and contactless gait monitoring and activity
recognition. A novel fast and easy-to-implement gait extraction algorithm that enables an individual’s
spatiotemporal gait parameter extraction at each gait cycle using a single FMCW (Frequency
Modulated Continuous Wave) radar is proposed. The proposed system detects changes in gait that may
be the signs of changes in mobility, cognition, and frailty, particularly for older adults in individual’s
homes, retirement homes and long-term care facilities retirement homes. One of the straightforward
applications for gait monitoring using radars is in corridors and hallways, which are commonly
available in most residential homes, retirement, and long-term care homes. However, walls in the
hallway have a strong “clutter” impact, creating multipath due to the wide beam of commercially
available radar antennas. The multipath reflections could result in an inaccurate gait measurement
because gait extraction algorithms employ the assumption that the maximum reflected signals come

from the torso of the walking person (rather than indirect reflections or multipath) [6].

To address the challenges of hallway gait monitoring, two approaches were used: (1) a novel signal
processing method and (2) modifying the radar antenna using a hyperbolic lens. For the first approach,
a novel algorithm based on radar signal processing, unsupervised learning, and a subject detection,
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association and tracking method is proposed. This proposed algorithm could be paired with any type of
multiple-input multiple-output (MIMO) or single-input multiple-output (SIMO) FMCW radar to
capture human gait in a highly cluttered environment without needing radar antenna alteration. The
algorithm functionality was validated by capturing spatiotemporal gait values (e.g., speed, step points,
step time, step length, and step count) of people walking in a hallway. The preliminary results
demonstrate the promising potential of the algorithm to accurately monitor gait in hallways, which
increases opportunities for its applications in institutional and home environments. For the second
approach, an in-package hyperbola-based lens antenna was designed that can be integrated with a radar
module package empowered by the fast and easy-to-implement gait extraction method. The system
functionality was successfully validated by capturing the spatiotemporal gait values of people walking
in a hallway filled with metallic cabinets. The results achieved in this work pave the way to explore the
use of stand-alone radar-based sensors in long hallways for day-to-day long-term monitoring of gait

parameters of older adults or other populations.

The possibility of the coexistence of multiple walking subjects is high, especially in long-term care
facilities where other people, including older adults, might need assistance during walking. GaitRite
and wearables are not able to assess multiple people’s gait at the same time using only one device [7],
[8]. In this thesis, a novel radar-based algorithm is proposed that is capable of tracking multiple people
or extracting walking speed of a participant with the coexistence of other people. To address the
problem of tracking and monitoring multiple walking people in a cluttered environment, a novel
iterative framework based on unsupervised learning and advanced signal processing was developed and
tested to analyze the reflected radio signals and extract walking movements and trajectories in a hallway
environment. Advanced algorithms were developed to remove multipath effects or ghosts created due
to the interaction between walking subjects and stationary objects, to identify and separate reflected
signals of two participants walking at a close distance, and to track multiple subjects over time. This
method allows the extraction of walking speed in multiple closely-spaced subjects simultaneously,
which is distinct from previous approaches where the speed of only one subject was obtained. The
proposed multiple-people gait monitoring was assessed with 22 participants who participated in a

bedrest (BR) study conducted at McGill University Health Centre (MUHC).

The system functionality also was assessed for in-home applications. In this regard, a cloud-based
system is proposed for non-contact, real-time recognition and monitoring of physical activities and
walking periods within a domestic environment. The proposed system employs standalone Internet of

Things (IoT)-based millimeter wave radar devices and deep learning models to enable autonomous,
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free-living activity recognition and gait analysis. Range-Doppler maps generated from a dataset of real-
life in-home activities are used to train deep learning models. The performance of several deep learning
models was evaluated based on accuracy and prediction time, with the gated recurrent network (GRU)
model selected for real-time deployment due to its balance of speed and accuracy compared to 2D
Convolutional Neural Network Long Short-Term Memory (2D-CNNLSTM) and Long Short-Term
Memory (LSTM) models. In addition to recognizing and differentiating various activities and walking
periods, the system also records the subject’s activity level over time, washroom use frequency,
sleep/sedentary/active/out-of-home durations, current state, and gait parameters. Importantly, the

system maintains privacy by not requiring the subject to wear or carry any additional devices.
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Chapter 1

Introduction

Human gait and activity monitoring play important roles in many applications that can significantly
improve the ability to be as independent, secure, and healthy as possible [2], [9]. Notably, gait qualities
are increasingly being recognized as a measure of a person’s health status; changes in normal walking
patterns, such as gait speed reduction or lack of balance, can signify a change in cognition and an
increase in the probability of a fall occurring, especially for older adults [10]. Extensive research and
multiple longitudinal studies conducted on gait analysis [9], [11]-[13] have shown that accurate,
reliable knowledge of general gait characteristics at a given time, and even more importantly, over a
period of time can enable detection and diagnosis of changes in mobility and cognition [10]. Tracking
gait can also support finding the best treatment options and ongoing management [10]. However,
variations in gait characteristics as a result of cognitive or other conditions may go undetected as the
effect can be gradual and often goes unnoticed by the individual and/or during clinical visits [1], [14].
Technologies that can detect changes in people’s gait patterns could be used to support the detection,
evaluation, and monitoring of parameters related to changes in mobility, cognition, and frailty [1]. Early
detection of such changes results in a higher probability they can be better supported, which in turn can
increase the probability of independence and quality of life of the person being monitored [1]. This
approach is especially relevant to the growing population of older adults, most of whom wish to remain

in their own homes.

Numerous studies have been conducted to identify the relative association between walking and
functional decline in people, especially older adults [9], [13], [15], [16]. While gait parameters have
been assessed and used as a clinical indicator for health status in various studies, there is no consensus
on a standard measurement methodology for the walking test [4]. Moreover, most measurements are
conducted during clinical visits [9]. Another issue related to assessing gait is that the unfamiliar setting
of a clinic often causes people to (intentionally or unintentionally) change their gait patterns during

clinical assessments.

In many studies (e.g., [12], [17]), a habitual or usual gait speed (i.e., walking at a normal speed on
level ground) was considered a reliable and consistent clinical indicator. A person’s walking speed in

a clinical setting may not be an accurate and reliable representation of their day-to-day gait because of
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their focus on walking and awareness of the importance of their gait. It may negatively impact medical
conclusions and recommendations, thus, diagnosis, follow-up, and treatment of pathologies from gait
obtained in clinical settings may be based on inaccurate data. A quantification method of gait
parameters in a naturalistic setting (e.g., one’s home) is required to obtain a more accurate
representation of day-to-day gait patterns. Gold standard systems such as the GaitRite mat system [18]
and Vicon [19] can be expensive, difficult to operate, have limited coverage, and present challenges for

deployment in real-world settings.

Therefore, there is a pressing need for affordable, ubiquitous, and unobtrusive technology that can
measure human gait parameters continuously and reliably to get a better understanding of an
individual's true gait and how their gait may change over time. A comprehensive system is needed that
can measure and analyze people’s gait in their living environment, namely, at home, in hospitals or

long-term care facilities.

A wearable device could be a possible solution for frequent in-home gait assessments, but using them
requires people to want and remember to use and recharge them. Wearable sensors such as the Opal
sensor [20] and Physilog [21] could be used for day-to-day gait assessments; however, many people do
not like using wearables or may not remember to wear them. Moreover, wearable devices might cause
feelings of burden and discomfort. On the other hand, optics-based systems, such as computer vision
and infrared, have the problem of line-of-sight detection; they cannot detect people behind obstacles.

There can also be concerns regarding privacy and overhead costs.

A radar-based sensor is a promising alternative to capture gait information during people’s daily
activities in their living environments over long periods as it is a relatively affordable, easy-to-use, non-
invasive, and zero-effort system [14], [22]-[29]. The use of a radar system is appealing due to its
reliable functionality in different lighting levels, protection of privacy, penetration through obstacles,
and long-range detection capabilities [29]. Radar sensors could make it possible to monitor and analyze
gait outside the laboratory and capture information about human gait and activity levels during the
person’s everyday activities [30]. It should be mentioned that there is little research on radar’s accuracy
and applicability for in-home applications such as gait monitoring, and people may not feel comfortable
installing radars in their homes (since it is new and not a common technology used at homes). However,

there is a growing interest in the use of radar systems in everyday life [30].



The purpose of this thesis is to perform gait monitoring using radar technology to monitor gait during
daily life activities. The focus of this thesis is to integrate machine learning algorithms with radar signal
processing to identify the type of in-home activity performed by a subject and to detect in-home walking

periods to distinguish them from other in-home activities and capture gait parameters.

1.1 Motivation

Clinicians typically evaluate patients/subjects by testing their motor skills during clinic visits. These
semi-subjective measurements are often skewed by outside factors, such as patients' awareness of their
gait quality or fatigue from travelling to the appointment. Additionally, numerous people (especially
older adults) may never be treated by a specialist (especially those with Parkinson's disease), often

because they live too far from an urban center or have difficulty travelling.

As mentioned above, most existing technologies rely on cameras and wearable sensors to monitor,
record, and analyze people’s daily activities and health-related signals. However, wearable technologies
and computer vision suffer from many drawbacks hindering them from being used for day-to-day
frequent gait assessment. Wireless ambient sensors capable of sensing any environment dynamics
without the need for wearable devices could be a promising solution for monitoring human health-

related signals.

Most previously proposed human gait analysis and activity recognition systems based on wireless
ambient sensors have been done in a simple, clutter-free, or low-clutter environment with a constrained
range and limited activity. The implementation of radar-based in-home cluttered environment gait

monitoring and activity recognition system can be beneficial for the following reasons:

e The in-home monitoring system could pave the way to explore the use of radar-based sensors
in retirement apartment buildings or individual’s homes for use in day-to-day long-term

monitoring of gait parameters, especially for older adults.

e The in-home monitoring system could record activity levels, daily variations, and changes over
time and could provide this information remotely to a professional caregiver in a timely

mannecr.

e The in-home monitoring system could open new possibilities that could improve clinical

practice across all people in addition to older adults.



e The capabilities of the in-home monitoring system mean that it also has the potential to be used
for other in-home applications, including people counting and fall detection and offer excellent

long-term care benefits.



Chapter 2

Objective, Research Questions and Approaches

2.1 Objectives

The aim of this Ph.D. thesis is to create a state-of-the-art, zero-effort wireless sensor system that
leverages wireless millimeter-wave signals to monitor and extract gait parameters. The objective is to
create a system that can autonomously recognize the activity performed by a subject and extract crucial
spatiotemporal gait parameters without the need for explicit interaction from the subject being
monitored. This autonomous gait monitoring system combines radar technology with advanced signal
processing and machine learning algorithms to classify various activities, identify walking periods, and

extract gait parameters with a high degree of accuracy.

To achieve this objective, in the following subsections, research questions defined to guide this
thesis, along with the approaches followed to address these questions, are outlined. The research will
delve into the technical aspects of using millimeter-wave signals for gait analysis, the development of
machine learning algorithms for activity classification and advanced signal processing methods for gait
parameter extraction. The ultimate objective of this research is to provide a novel, non-invasive solution
for gait analysis that can be used in a variety of settings, including individual’s homes, retirement homes

and long-term care facilities, to improve the quality of life for individuals.

2.2 Research Questions
The following key research questions (RQ) and sub-questions will be used to guide this research:
RQ 1. How can radar sensors be used for the ambient detection of gait?

This research question guided this thesis to explore the use of radar sensors in gait analysis. Since
several key factors should be considered, including but not limited to the type of radar sensor, a proper
algorithm for gait parameter extractions, and gait analysis in a familiar environment (such as one’s

home), these sub-questions were identified.

RQ. 1.1 What are the appropriate radar sensors needed for a gait monitoring system?



One of the key elements in radar-based gait monitoring systems is the radar sensor. A proper radar
sensor should be selected to extract gait parameters accurately. Therefore, this sub-question was defined

to guide this research to find a proper radar sensor in this thesis.
RQ. 1.2 What signal processing techniques can be used to quantify gait parameters?

Since gait values should be extracted based on the radar received data, the proper signal processing
method would be the second need. This sub-question was defined to guide this research to propose a

gait extraction algorithm based on the selected radar sensor.

RQ. 1.3 How can the dependency of the micro-Doppler signature on the direction of motion be

overcome?

One of the common features used in gait analysis was the micro-Doppler signature of walking, but
this signature depends on the angle of motion. This sub-question was defined to guide this research
toward finding a method to overcome this dependency. This would pave the way for gait analysis to be
used in people’s in-home environments where they walk at different relative angles with the radar

sensor.
RQ. 1.4 How can the effects of noise/ multipath from a highly cluttered environment be overcome?

One of the primary purposes of the use of radar sensors for gait analysis is for frequent day-to-day
in-home monitoring. To achieve this goal, it is of paramount importance to explore the radar
performance in an in-home or cluttered environment where walking processes create noise or multipath.
This sub-question was defined to guide this research to explore in-home gait monitoring and multipath

mitigation methods.
RQ. 1.5 How can gait be monitored in multiple-person scenarios?

Most of the current gait monitoring methods were focused on a single subject, while the probability
of having more than one subject walking together is high. This research question was defined to guide

this research to explore the use of radar for multiple-people gait monitoring.

RQ 2. How can machine learning algorithms be used to identify the type of activity being

performed by the subject who is being monitored?

As mentioned, this radar-based technology is intended to be used in an individual’s home for

frequent day-to-day measurement. The radar sensor should identify walking periods first and
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distinguish them from other in-home activities to extract gait parameters. To achieve this, this
research question was defined to guide this research in using artificial intelligence (AI) for in-home

activity recognition and gait monitoring.
RQ. 2.1 What features should be used for machine learning algorithms to classify activity types?

Features or inputs are key elements in machine learning. Proper inputs could lead to finding an
appropriate and accurate model. This sub-question was defined to guide this research to find sufficient

and suitable features to be fed to machine learning models.
RQ. 2.2 What machine learning algorithm should be used to distinguish gait from other activities?

A proper machine learning model should be selected to apply to the radar data. This sub-question
was defined to explore different machine learning models and find an accurate one for in-home gait

monitoring and activity recognition systems.

2.3 Approaches and Contributions

In this subsection, approaches followed to address the research questions are summarized. Seven
primary phases were defined and divided into four chapters in this thesis. In this subsection, each phase,
the corresponding chapter linked to each phase, and the outcomes, contributions and publications

related to each phase are explained.

Phase 1: Literature review —the first phase performed for this thesis was a literature review on the
history of gait, the definition of gait parameters, studies on gait analysis, common devices used for gait
analysis and radar sensors utilized for gait analysis. This phase is detailed in Chapter 3. This phase
helped the researcher to recognize the gaps in gait analysis using radar sensors and define the research

questions to guide this Ph.D. research. Phase 1 is associated with the following monograph:

e Hajar Abedi, Clara Magnier, Kavini Rabel, Divya Kamath, Kashish Grover, Shenbei Fan,
Shyan Mascarenhas, Plinio P. Morita, Jennifer Boger, Alexander Wong, and George Shaker,
“A Comprehensive Review of Gait: Exploring Existing Technologies, Methods, and

Analyses” (under preparation).

Phase 2: Sensor selection — literature review and experimental tests were conducted to select a proper
radar sensor for autonomous gait monitoring and activity recognition. Availability, cost, performance,

the radar type, output power, etc., were some key factors in selecting a radar sensor. Various types of
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off-the-shelf radar sensors, such as those available from Infineon [31], Vayyar [32] and Texas
Instruments [33], were used. One radar sensor was used throughout this thesis to provide a reliable and
reasonable comparison (in terms of operation frequency, range resolution, angular resolution, etc.) and
for conciseness. A millimeter-wave MIMO FMCW (AWR1443) radar sensor was used to conduct all
the experiments since it has better angular resolution and longer range detection compared with the
Infineon radar [34] and is cheaper and easy to use compared with the Vayyar radar [32]. All radar

parameters could be configured through the provided software MMWAVE_STUDIO.

Phase 3: Gait parameter extraction algorithm — various signal processing methods were investigated,
and a novel method was proposed to extract spatiotemporal gait parameters at each single gait cycle.
The outcome of phase 3 was a fast and easy-to-implement signal processing technique to extract and
quantify gait parameters at each single gait cycle. Phase 3 addressed RQ. 1.2 detailed in Chapter 4. The
outcome of phase 3 was a method used to address other RQs explained in Chapter 4, Chapter 5 and
Chapter 6. Hence, this method was a core technique described and used in almost all publications of

this thesis to quantify gait parameters.

Phase 4: Gait monitoring independent of the angle of motion — this phase required in-depth research
on how to compensate for the angle effects on the micro-Doppler patterns (RQ. 1. 3). One of the quick
and straightforward solutions was to monitor human gait in a corridor or hallway as this is something
that is in virtually every place people live and requires a relatively straight line of walking several times
a day. However, walls in the hallway have a strong “clutter” impact, creating multipath due to the wide
beam of commercially available radar antennas. To eliminate the multipath reflections, two viable
solutions were proposed: 1. Novel signal processing and 2. Radar antenna modification. Outcomes of
phase 4 were: (1) a novel unsupervised learning-based method for tracking and association of the
subject walking across a hallway, and (2) an in-package hyperbola-based dielectric antenna designed,
fabricated, and integrated with the available radar chipset for hallway gait monitoring. Phase 4 is
presented in detail in Chapter 5, which addresses two research questions (RQ. 1.3 and RQ. 1.4). Phase

3 and Phase 4 are associated with the following journal papers:

e Hajar Abedi, Ala Eldin Omer, John Hanna, Steven Ding, Ahmad Ansariyan, Andrei Felipe
Perez, Tom Paraschuk, Plinio P. Morita, Jennifer Boger, Alexander Wong, Safieddin Safavi-

Naeini, and George Shaker, “In-Package Integrated 3D-Printed Dielectric Lens for a


https://software-dl.ti.com/ra-processors/esd/MMWAVE-STUDIO/latest/index_FDS.html

Millimeter-Wave Radar,” [EEE Transactions on Components, Packaging and

Manufacturing Technology (under review).

o Hajar Abedi, Jennifer Boger, Plinio P. Morita, Alexander Wong, and George Shaker,
“Hallway Gait Monitoring System Using an In-Package Integrated Dielectric Lens Paired
with a mm-Wave Radar, ” Sensors—MDPI, 2023, 23,71.

e Hajar Abedi, Jennifer Boger, Plinio P. Morita, Alexander Wong, and George Shaker,
“Hallway Gait Monitoring Using Novel Radar Signal Processing and Unsupervised

Learning,” IEEE Sensors Journal, 2022.

Phase 5: Multiple people gait monitoring — this phase required in-depth research on how to track
walking subjects when multiple people are walking simultaneously (RQ. 1. 5). To monitor multiple
people, in collaboration with other groups, datasets were collected from several older adults participated
in a first-of-its-kind study conducted in Canada at MUHC. The outcome of phase 5 was a multiple-
people hallway gait monitoring algorithm developed to monitor two subjects walking simultaneously
across a hallway in MUHC. In this phase, the radar sensor was demonstrated to be able to detect any
variation in participants walking speed before and after bed rest. Phase 5 addressed RQ. 1.5, which is

detailed in Chapter 5 (Section 5.3). Phase 5 is associated with the following journal paper:

e Hajar Abedi, Eric Hedge, Carmelo Mastrandrea, Ahmad Ansariyan, Plinio P. Morita,
Jennifer Boger, Alex Wong, Richard Hughson, and George Shaker “Non-Visual Contactless
RF Sensor Shows 14-Day Head-Down Bedrest Promotes Reductions in Walking Speed,

(under preparation).

Phase 6: In-home gait monitoring — since all walking tests were conducted in a straight line, this
research required more work while a subject walks in a non-straight line. To monitor people in a highly
cluttered living environment, independent of the angle of motion (RQ.1.3 and RQ. 1.4), in addition to
the hallway gait analysis, there was a need to implement algorithms to mitigate multipath signals in a
home. Several subjects were invited to perform an in-home walk in the research area of the Schlegel-
University of Waterloo Research Institute for Aging (Schlegel-UW RIA) and a small apartment. The
output of phase 6 was a novel signal processing method proposed to track and monitor a subject walking
in a cluttered environment such as one’s home. Phase 6 addressed RQ.1.3 and RQ. 1.4, which is detailed

in Chapter 6 (Section 6.5). Phase 6 is associated with the following journal paper:



e Hajar Abedi, Ahmad Ansariyan, Plinio P. Morita, Jennifer Boger, Alex Wong, and George

Shaker “Contactless In-Home Cluttered-Environment Gait Analysis,” (under preparation).

Phase 7: Deployment of machine learning algorithm — after performing in-home gait extraction, one
of the remaining challenges was that other in-home activities could be detected as walking periods. It
is shown that this type of error in gait assessment is preventable by implementing machine learning. A
critical step for autonomous classification was using suitable inputs for the machine learning algorithm
and a proper machine learning model. Note that the research conducted to address the first research
questions (RQ. 1.1 - RQ. 1.4) was needed to tackle the second question (RQ. 2.1 and RQ. 2.2).
Therefore, phase 7 was an iterative process between producing features and testing the machine
learning algorithm. The outcomes of phase 7 were proper features to be fed to machine learning
algorithms and a proper model to identify gait/activity among several explored models such as GRU
(Gated recurrent unit), LSTM (Long short-term memory), and CNN (Convolutional Neural Network).
Phase 7 addressed RQ. 2.1 and RQ. 2.2, which is detailed in Chapter 6.

Phase 7 is associated with the following journal paper:

o Hajar Abedi, Ahmad Ansariyan, Plinio P. Morita, Jennifer Boger, Alex Wong, and George
Shaker,” Al-Powered Non-Contact In-Home Gait Monitoring and Activity Recognition
System Based on mm-Wave FMCW Radar and Cloud Computing, ” I[EEE Internet of Things
Journal, 2023.

A flowchart of the defined phases and the corresponding chapters is provided in Figure 2.1. As
shown, all defined phases are highly correlated, and the outcome of one phase/ chapter is used in the
next phase/chapter. NOTE: Each specified phase corresponds to a sub-question of the defined research

questions listed in Section 2.2.
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Chapter 3
Background

3.1 Background to Gait Parameters

“Gait” is defined as the pattern of moving the body from one place to another over a solid substrate by
alternately and repetitively changing the location of feet [2]. Gait is an important activity of daily living
that is an excellent functional test of several human systems involving the interaction of many joint
movements. It is a highly coordinated process involving the peripheral nervous system, perceptual
system, central nervous system, muscles, energy production and/or delivery and bone and/or joints [1].
When these systems are not functioning correctly, they will impact our gait parameters. For instance, a
slower walking speed than normal or a variation in normal/usual gait parameters can alert clinicians
that something is going wrong in the human body. Gait can provide insight into surgical decision-
making, prosthetic design, orthopedic design, rehabilitation strategies, accurate tracking of progress,

and biometric and milestone profiles [1], [9].

The research described in this thesis, however, is mainly centered on achieving a quantitative
measurement of gait parameters to be used as a health indicator. The most basic description of the gait
is the gait cycle [35]. As shown in Figure 3.1, from a temporal perspective, the gait cycle is composed
of two phases: (1) the stance phase (when the foot remains in contact with the ground) and (2) the swing

phase (when the foot is not in touch with the ground).

- Stance Phase > Swing Phase >

Heel strike Loading Mid-stance Terminal stance Pre-swing Toe-off Mid-swing Terminal swing
response

‘ Double

[l Double i
support

support

Single suppot ————»

—F|17 Single support —————»

Figure 3.1. Gait cycle during walking, reproduced from [1].
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Each phase can be broken into different subparts, such as the initial contact or the terminal swing.
There are also critical support phases such as the single support phase (only one limb is in touch with
the ground), initial double support phase (the sub-phase between heel contact of the phase to
contralateral foot-off), and terminal double support phase (sub-phase from contralateral foot-on to the
toe-off) [35]. Figure 3.2 shows the temporal parameters of a gait cycle where a low signal represents a

foot touching the ground, and a high signal means it is not in contact with the ground.

From a spatial perspective, Figure 3.3 shows typical spatial gait parameters used in gait assessments,
such as step length, stride length, and step width. The general gait parameters are defined and listed in
Table 3.1. In the following discussion, gait assessment, analysis, and measurement refer to the capture

and analysis of spatiotemporal gait parameters.

Double
support
cycle
Single
support
cycle
Step time
Left
foot
No
foot contact
Stance of cycle Swing of cycle
Right 5 =
foot
< > Foot
Gait cycle contact

Figure 3.2. Temporal parameters describing the gait cycle, reproduced from [1].
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Figure 3.3. Spatial gait terminology describing the gait cycle, reproduced from [1].
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Table 3.1. Definition of gait parameters.

calculated as the distance covered divided by the number of steps completed

Parameters Definition
Gait speed (m/s) The distance walked divided by the walking time
Step length (cm) The length measured parallel to the line followed by the body while walking, from the contact of

the heel of the previous footfall to the contact of the heel from the opposite footfall. It can be

distance between the heels in the double support phase

Step width (cm) The distance measured between lines of progression of the right and left foot. Medio-lateral

same foot for two consecutive footprints

Stride length (cm) The distance measured parallel to the line followed by the body between the heel points of the

Cadence (number of steps/minute) | The number of steps by minutes

Step time (s) The time between the initial contact of one foot and the initial contact of the opposite foot
Stance time (s) The duration between the initial contact and final contact of the same foot.

Swing time (s) The duration between the last contact of a footfall and the initial contact of the following footfall
Single support time (s) The duration of the swing phase where only one limb is in contact with the ground

Double support time (s) The duration of the phase of support on both feet

3.2 History of Gait Analysis

Throughout history, people have been thinking about the way they walk. The first recorded experiment
in gait analysis was performed by Borelli [36]. Borelli’s ideas played a pivotal role in Weber brothers’
achievements resulting in the second breakthrough in gait assessment, using only a stopwatch,
measuring tape, and a telescope [37]. Their method was a new milestone in the history of gait
assessment, which quantitatively analyzed human locomotion using observations of the stance and
swing phases of the gait cycle. Marey and Muybridge adopted the Weber brothers’ method and
introduced a technique known as chronophotography. They demonstrated the sequence of motion of a

horse running using several stationary cameras [15].

As progress on kinematic measurements continued to evolve, the forces exerted by the foot on the
floor were recorded by a shoe developed by Carlet to enable kinetic measurements [38]. A breakthrough
in the evolution of instrumental gait analysis was the introduction of three-dimensional (3-D) analysis
of human movement. The method overcame the limitation of the time-consuming process of
chronophotography. Electromyography (EMG) became a valuable part of clinical gait analysis in 1970
[39]. EMG is an electrodiagnostic technique used to identify an abnormality in muscle contractions to

an injury, nerve damage, or muscular or neurological disorder that causes motor dysfunction [40].

Studies on kinematics, kinetics, and EMG measurement tools were carried out separately until it was

recognized that a complete gait analysis needs the integration of various types of measurement
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technologies. Kinesiological electromyography (KEMG), 3D forces, and energy measurements were
added to gait analysis by Vern Inman [41]. Methodological approaches to observational gait analysis
were developed to complement EMG [1] as well as instrumented methods for measuring simple
temporal-spatial parameters [38]. Technological progress has led to the development of various
efficient and effective measurement instruments integrated into a gait analysis system providing reliable
information. Currently, clinical gait analysis usually consists of measurement of EMG, kinetic
measurement, kinematic analysis, and general gait parameters. The primary kinetic measurement
concentrates on the cause of motion (i.e., the force beneath each foot while walking) using various
sophisticated devices such as spectrophotometers, spectrofluorometer, and potentiometers [42].
Kinematic measurements, on the other hand, are the measurements of the range of motion without
dealing with the forces controlling the movements [43]. General gait parameter measurement assesses
spatiotemporal gait parameters and is a powerful complement to EMG. Unlike other types of gait
analysis requiring more advanced equipment to be measured, the spatiotemporal gait parameters can

now be collected without expensive tools [44].

3.3 Clinical Values of General Gait Parameters

Based on extensive research and multiple longitudinal studies conducted on the gait analysis [9], [11]—
[13], [17], it has been shown that accurate, reliable knowledge of general gait characteristics at a given
time, and even more importantly, monitoring and evaluating them over time, can enable early diagnosis
of disease and track their progression to help with finding the best treatment and ongoing management.
For example, gait can be used to detect and even predict brain-related pathologies without using MRI

or other invasive detection systems [45].

Hispanic Established Population for the Epidemiological study (H-EPESE) with 2070
noninstitutionalized Mexican-American men and women aged 65 and older showed that a slower
walking speed over an 8-foot course could be an early indicator of cognitive decline. Furthermore, it
was stated that those who walked over 8 feet at a faster speed were at fewer risk of cognitive function
decline [12]. In [46], it was shown that acceleration of the decline in walking speed precedes
approximately 12 years earlier than Mild Cognitive Impairment (MCI) onset. The walking speed was
shown to be an early indicator of MCI, while most of the existing tests, X-Ray, for instance, can only

detect the symptom after it is too late to take preventative measures. Beyond brain-related pathology,

15



gait has been shown to be related to cardiovascular diseases since the cardiovascular system is involved

during physical efforts. [47].

Gait speed has also been shown to be a discriminating factor in identifying the potential for
rehabilitation and future fall risks or the fear of falling [15]. In [16], gait speed, step length, step time,
cadence, double-support phase, and step width were measured and collected at a usual walking speed
to investigate the relationship between falls and gait characteristics. They used a 4.6 m computerized
walkway system (GaitRite) to assess people's gait parameters. Note that GaitRite is expensive (a 6.096
m GaitRite system is $34,725 USD) but is currently considered a gold standard measure of gait analysis
as it provides accurate spatial and temporal gait parameters in addition to pressure distribution under
the feet. Data about the fall rate was obtained with a fall questionnaire every two months. In this
population-based study, greater intra-individual variability in step length and double-support phase
were linearly associated with an increased risk of multiple falls (P = 0.04). Non-linear associations with
multiple falls were found for gait speed (P = 0.002), cadence (P = 0.004) and step time variability (P =
0.03). However, one of the main limitations of this study [16] was that the results were based on self-
reported fall rates, which may not be reliable; participants may forget how many times they fell or not
report their fall rate intentionally (for fear of being considered too frail or unstable to live at home
safely). Moreover, 12 months may not be enough time to generalize the relationship between gait and
fall risks, especially as a decline in walking speed may not be detected during that time. To reliably
monitor balance and gait, there is a clear need for an affordable technology that can autonomously

detect falls and monitor gait in living environments for a long period of time.

For the older adult population, walking speed has been demonstrated to be correlated with a higher
risk of mortality. In many studies, gait has been expressed as a valuable indicator of health and well-
being [48]. In [48], 3047 older adults participated in a study to identify and validate cut-points
(threshold) for usual (normal) gait speed. In this study, gait speeds of 2031 participants were used for
identification, and gait speeds of the other 1016 older adults were used for validation. One of the main
strengths of the study reported in [48] was the definition of cutpoints for a normal walking speed that
could facilitate the use of walking speed in clinical settings. Those with a walking speed of more than
Im/s were considered to be in a low-risk group, while participants with a walking speed <Im/s were in
a high-risk group. Participants in the high-risk group had a higher risk of persistent lower extremity
limitation, persistent severe lower extremity limitation, death, and hospitalization than those in the low-

risk group. A complete analysis led by two consortiums (Biomathics and Canadian Gait Consortium)
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published in 2017 provides consensus guidance for clinical and spatiotemporal gait analysis and
reference values for spatiotemporal gait analysis [49]. Researchers used two different databases
obtained by GaitRite for individuals older than 65 years. The guidance for clinical gait analysis was
defined with either a minimal or full dataset. The minimal dataset was composed of four gait parameters
(walking speed, value and variation of stride time, swing time and stride width) evaluated in normal
walking conditions. Parameters added to the full dataset were the value and variation of stride length,
stance time, single and double support, and stride time velocity. This study indicated the importance of
the different gait parameters in addition to the walking speed. Researchers suggested all adults older
than 65 be examined each year for gait disorders, and everyone with a history of falls or acute treatment

should also be examined.

In general, one of the main issues related to the gait assessment studies is that the methodology of
gait measurement, protocols for walking tests, measurement devices and cutpoints distinguishing the
normal gait from abnormal one varied widely from one study to another. Without any normative value
and a standard measurement methodology, it is impossible to consider gait parameters as comparable

vital signs or clinical indicators in clinical assessments.

The following discusses methods for quantifying gait parameters. While a thorough evaluation of
gait can be conducted in specialized medical settings, there is a pressing need for a cost-effective, user-
friendly, non-invasive, and effortless system that can provide gait information gathered during daily

activities in a person's natural environment over an extended period.

3.4 Gait Assessment Tools

Technological devices used to study human gait can be classified into wearable, non-wearable sensors,

and hybrid systems using a combination of both methods.

3.4.1 Floor Sensors

The most commonly used devices are non-wearable sensors based on floor sensors—force platforms
where gait information is measured through pressure sensors and ground reaction force sensors. Force

plates and the GaitRite mat system are commonly used floor systems to assess gait clinically [50].
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3.4.2 Image Processing Sensors

Another type of non-wearable sensor is an image processing system that obtains data from the human’s
gait using optic sensors such as digital cameras, laser range scanners, infrared sensors, and Time-of-
Flight cameras. Commercially available systems being used for gait analysis are Vero Vicon, Vantage
camera, and Microsoft Kinect [19]. However, optics-based systems have issues related to line-of-sight
detection; they do not detect the target behind obstacles. Finally, the use of cameras for motion capture

raises the question of the patient’s privacy, particularly for in-home applications.

3.4.3 Hybrid Systems

Some studies have chosen to integrate motion capture with other systems for gait analysis. In [20],
video cameras from Sony were used along with APDM Opal sensors. In [51], a motion capture system

was used along with AMTI force plates for gait analysis. Not surprisingly, integrating two systems

increases the precision of the measurement, decreases the ease of use, and increases costs.

3.4.4 Wearable Systems

Wearable systems use sensors located on one or more parts of human bodies, such as feet, knees, thighs,
waist, or wrist. Various types of sensors are being used to capture the various signals that characterize
human gait, including accelerometers, gyroscopic, magnetometers, force sensors, extensometers,
goniometers, active markers, and electromyography. Commercially available sensors such as Opal

sensor, BTS G-WALK, Physilog and smartwatches [44] could be used as an in-home gait monitoring

system. However, wearable devices have several disadvantages that make them not suitable for in-
home monitoring, such as short battery life, the need to download the data, and the need for additional
hardware for wireless data collection. Additionally, people may not consistently wear them; they may
forget or choose not to wear the device every day. The same limitations apply to several models of
shoes with embedded sensors developed for gait assessments. For example, FootMoov shoes are
designed with a 3D accelerometer, 3D gyroscope and 3D magnetometer, microprocessors, and wireless
modules. However, this is not robustly reliable for long-term, in-home gait monitoring for the same

reasons mentioned above.

3.4.5 Radar Sensors

As discussed above, neither optic nor wearable sensors are suitable for monitoring people in their daily
life; they can be too cumbersome, inconvenient, and intrusive. In contrast, radar sensors using
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electromagnetic waves have been proposed as a potential solution for frequent in-home gait monitoring
[3], [5], [30], [52], [53]. The use of a radar system is appealing due to its reliable functionality during
different illumination levels, protection of privacy, ability to penetrate through obstacles and long-range
detection capabilities. Radar sensors could make it possible to monitor and analyze gait outside the

laboratory and capture information about the human gait during the subject’s everyday activities.

Studies on the application of radar technologies in gait analysis have been conducted to obtain gait
parameters. In 2001, a bi-static continuous-wave (CW) radar operating near 10.5 GHz was introduced
to be used as a sensor for a human gait assessment system at Georgia Tech Research [54]. However,
the system enables Doppler measurement but prevents range estimates. In [55], a motion capture system
was used to model the Doppler effects of a walking subject and then compared with the spectrogram
of the walking cycles obtained by the radar sensor. The comparison with the spectrogram results with
a motion capture system represented the radar gait signature due to legs and body motion [56]. Although
this paper used a motion capture system to visualize the Doppler effects of each segment of the human
body during walking, the results were not quantitatively analyzed and compared. In 2005, a simple,
binary classifier was developed to identify the presence of a subject based on the short-time Fourier
transform (STFT) of signals from a CW radar [57]; the STFT performed on received signals from
motion provides information on the signal in both time and frequency domain (spectrogram) [58]. A
Fourier transform was performed on each bin of the STFT results to extract the cadence frequency.
While results were promising, all results (from the spectrogram) were only visualized; more
sophisticated techniques are needed to resolve the contributions to gait motion from body parts such as

the arms, upper leg, lower leg, and foot.

In [59], human gait was characterized based on a CW radar operating at 24 GHz. Unlike the reference
reported in [57], which claimed that the velocity of the torso is constant, this paper demonstrated that
the velocity of the torso varies with a sinusoidal shape during walking. Moreover, the radar system
showed that human legs produce the highest velocity during walking; while one leg has the highest

speed, the other one reaches its minimum value.

In [58], a multiple-frequency CW radar was used to extract micro-Doppler signatures from a vehicle,
animals (dog, goat, and deer) and a person performing different activities such as walking, running,
jogging, crawling, and transitioning from walking to crawling. The effects of the approach angles of

motion on the micro-Doppler patterns were also investigated. It was shown that the micro-Doppler
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signature of a person walking towards the radar at a relatively 90° angle is different from that at 0°
angle. The dependency of the micro-Doppler on the direction of the motion was also investigated in
[60]. Although the research in [61] visualized the difference between the motion patterns of humans
and other animals, there was no quantification method to compare them nor a method to distinguish
those patterns from each other. Furthermore, the dependency of the Doppler signatures on the direction

of motions was explained, but no solution was reported to tackle the problem.

Other studies have been conducted to extract other gait characteristics, such as cadence and stride
length [62]. In [58], the reflected signals from the torso in the spectrogram were obtained based on the
assumption that the maximum signals are related to the torso’s return; this assumption is conditionally
correct and explained in more detail in Chapter 5. Information-theoretic (IT) techniques [63] were
applied to analyze the spectrogram obtained from STFT, as IT can identify the difference between the
spectrogram images with the content from all body contributions without analyzing particular body
parts. However, most of the works visualized the results without quantifying and showing the exact

values of parameters.

Previous researchers [64] used a CW radar operating at 10.525 GHz to conduct tests on ten young
men and ten young women (there was no information about their exact ages). Common and different
features among men and women were shown. For common features, first, the torso's movement is
relatively stationary in the swing phase and has a small speed change during the double supporting
time; second, there are regular swing phases with the legs accelerating and decelerating; third, the two
legs swing in an almost symmetric state. For differences, first, women have longer double supporting
time than men do. Second, women have a more rapid deceleration process in the terminal phase than
men. Third, women walk in a more symmetric motion of two legs than men do since normally women
walk more smoothly. The results demonstrated the radar capability of obtaining gait data in a human
instinctive walking state. The difference between gait patterns of healthy people and a person with
Parkinson’s syndrome and a man with hemiplegics disease were illustrated in [45]. This research
included the quantification of the velocity of the torso, the acceleration of leg in the initial swing, and
the deceleration of leg in the terminal swing based on an envelope detection method. However, there
was no explanation for obtaining the envelope of the frequency of each part of the body from the
spectrogram leading to the quantification of gait parameters. This part is the main challenge in gait

assessment; if we can find a way to extract the frequency of each segment of the body from the
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spectrogram, we can then quantify spatiotemporal gait parameters. Moreover, the paper did not provide

a measure of accuracy or other systematic evaluation of the proposed methods.

The overreaching purpose of the research outlined in this thesis is to perform gait monitoring using
radar technology to monitor gait during daily life activities. Therefore, it is important to perform gait
studies in a familiar and commonly used environment, such as one’s home. In contrast, most works
reported above were conducted in a low-clutter environment. In [65], it was shown that because of the
multipath signals in an indoor environment and the human non-rigid body parts comprising different
Radar Cross-Section (RCS) [66] and velocity profiles, the Doppler-frequency pattern in an indoor
environment is complex. Two joint time-frequency estimation methods, STFT and the Multiple Signal
Classification (MUSIC) [67], have been applied to the received signals from a CW radar to extract the
Doppler frequency signature of a human body. Although the accuracy and reliability of their methods
were not cited, one of the main strengths of this paper was the proposed methods to quantify the velocity

profile from the spectrogram.

As discussed above, CW radars have been explored through various studies to extract gait
characteristics as well as to identify the types of walking and distinguish a normal gait from a
pathological one. However, one of the significant limitations of CW radars is that the position of the
subjects cannot be obtained. As mentioned, the dependency of the micro-Doppler signature on the
direction of the motion is a downside of gait detection based on CW radars. Knowing the position of
the subject during walking can help a radar-based system obtain the speed of walking through a change
in the subject’s position regarding its taken time (i.e., velocity = position/time). In [67], two pulse-
Doppler range control radars (one for the foot and the other one for the torso) operating at 5.8 GHz
were used for gait assessments. This work was different from other studies because of the type of radars
they used, in addition to the extraction of the step instances and validation of the methods. Cameras
and a Vicon system were used to compare the results of the radar to ground truth data. Moreover, they
implemented their proposed approach in real scenarios in 13 older adults’ apartments [68], [69].
However, their proposed method was not designed to distinguish walking from other movements,
which is the main issue in in-home gait monitoring. Their study also used two radars for gait monitoring,
which increases the cost of the implementation. In addition, the proposed method (similar to other

works using micro-Doppler signatures) is dependent on the direction of the motion.
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One possible solution to overcome the dependency on the relative angle between the radar and a
walking subject is to obtain walking speed through the changes in the subject's position over time.
FMCW (frequency modulated continuous wave) radars [3], [70]-[73] can provide range information
in addition to the Doppler information, which makes it a good candidate for the application outlined in
this thesis. Moreover, to obtain a subject's exact position, azimuth information is also required. A
MIMO FMCW radar system can provide 2D (x-y) or 3D (x-y-z) point cloud information of a subject
in addition to the velocity [30], [72]. More details about MIMO FMCW radar systems are provided in
Appendix D.

As mentioned above, the micro-Doppler signature directly depends on the direction of motions. None
of the papers discussed above provided a solution to address the dependency of the micro-Doppler
pattern on the direction of motions for in-home monitoring. A WiGait system was proposed in [14] that
extracts the walking speed through the change in the subject's position. Based on the proposed
algorithm, the system identifies walking periods where the user is walking from one point to another
and differentiates gait from other activities. After this, the stable phase of each walking period is
separated from the acceleration and the time-series data, which are then used to compute gait velocity
and stride length. The estimation of the stride length starts with the estimation of the stride frequency
by observing how the velocity and location change over time and calculating the Fast Fourier Transform
(FFT) of both the velocity and the elevation values. The accuracy of the measures from WiGait was
assessed by comparing the values obtained from the radar with values from a Vicon system. Among
the eighteen subjects who participated in this experiment, the average error rates were 1.9% and 4.2%
for the gait velocity and stride length, respectively. Although [14] obtained the overall velocity from
the change in the position, which is independent of the direction, all obtained parameters were the
average values. For instance, the stride length was extracted by the division of gait velocity by the stride
frequency; this is an approximation rather than a true measured value. It is important to know gait
parameters for each cycle because the variation and instability of gait parameters during walking cycles
can be obtained through the comparison between parameters extracted at each cycle. Moreover, their
heuristic method to identify gait cycles and discriminate them from other activities will fail in the case
of other periodic motions, for instance, vacuuming or workouts. Furthermore, like other papers reported
above, there was a single subject (mover) in the monitored environment; however, for a long-term, in-

home monitoring system, there is a need for tracking multiple people, often simultaneously.
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Regarding the problem with one-person gait monitoring, almost all the methods mentioned above
are based on the maximum amplitude, which was assumed to be related to the scattered signals from
the walking subject. However, this assumption is correct only if the radar is located at a proper height
while its main beam illuminates the subject’s torso. In other words, if the radar has a narrow beamwidth
while located in a way that its main beam illuminates the feet, the maximum signal is not necessarily
coming from the torso. In a cluttered environment, multipath effects might create signals stronger than
those related to the torso’s reflections. Therefore, the assumption is conditionally correct but needs to

be addressed in a different radar setup and a highly cluttered environment.

To be used in a home environment, a gait monitoring algorithm must distinguish a subject’s walking
periods from other activities and be able to handle the clutter that is to be expected in a typical home

setting.

3.4.5.1 Integration of Al and Radar Technology

Artificial intelligence (Al) is a method that can be used to tackle the problem of identifying gait periods
from other in-home activities. The use of Al leads to extensive research on human activity recognition
to determine the type of activity each subject performs. In [74], STFT was applied to the received data
of 12 people performing different activities, including running, walking, walking while holding a stick,
crawling, boxing while moving forward, and boxing while standing in place and sitting still. A support
vector machine (SVM) was used to identify the seven activities fed by the STFT results. In [75],
Logistic Regression, Naive Bayes, K-nearest neighbour (KNN), SVM and Random Forest [76]
classifiers were performed on the signals received by a Walabot Pro RF-radar sensor. The comparison
of the performance of these classifiers performed on the data from a wrist-worn sensor (Microsoft Band
2), from the radar, and the combination with the radar and the wearable sensor were also provided.
Results showed that classification accuracy using the Walabot Pro RF-radar sensor alone was higher
than that from the wrist-worn sensor. In [77], the empirical mode decomposition was performed on the
signals collected from an S-band radar and a W-band millimeter-wave (mm-wave) radar to produce
features to be fed to the SVM classifier. The classifier's results showed that the S-band radar was 75%
accurate in identifying human motions through the wall, while the mm-wave had an accuracy of 90%
in identifying different types of movements from long distances (91 m). In [74], an SVM classifier was

used to categorize different activities such as running, walking, walking while holding a stick, crawling,

23



boxing while moving forward, boxing while standing in place, and sitting still. The resulting

classification accuracy was about 85%.

One of the main steps in machine learning is feature extraction, which can be difficult. In [78], Deep
Convolutional Neural Networks (DCNN) were applied to the spectrogram of different targets, including
a human, a dog, a horse, and a car. One of the main advantages of DCNN is its capability of automatic
feature extraction, although it is time-consuming. A comprehensive review of the integration of deep
learning with radar technologies in human activity recognition, including deep learning techniques,
radar systems, and deep learning for radar-based applications in human activity recognition using radar

technologies, can be found in [79].

3.5 Gaps and Challenges

Through the review of the literature presented above, several gaps and challenges remain with using
radars for gait monitoring. In the following, some of the identified gaps in the field are listed and linked

with the phases conducted in this thesis to fulfill these gaps (Section 2.3).

Most of the studies conducted for gait parameter extraction were based on micro-Doppler patterns
of the gait spectrogram. However, this requires research on how to identify frequencies in the
spectrogram column bins and how to match those with the corresponding velocity of each segment of
human bodies. It has been shown that STFT and other methods mentioned above can visualize the joint
time-frequency of human motions, while more sophisticated techniques are required to turn those
frequencies into numbers according to each segment of moving parts [3]. Therefore, extracting the
speed and other gait values from STFT requires very sophisticated methods or remains an unsolved
problem and a significant gap in the radar application of gait detection. Phase 3 and RQ. 1.2 attempt to
address this gap.

While FMCW radars can provide the subject's position in addition to the velocity, they have been
less explored in gait monitoring (since most studies have focused on extracting the overall velocity by
Doppler signatures). Range-azimuth maps of subjects could be useful features in identifying the type
of activities, distinguishing gait from other movements as well as extracting gait values. Moreover, the
position of the torso can be obtained so that other spatial information of subjects during walking, such
as step length, can be extracted. Phase 2 and Phase 3, as well as RQ. 1.1 and RQ. 1.2 attempt to address
this gap.
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Almost all studies on gait monitoring used off-the-shelf radar sensors without considering the
hardware modification for gait analysis. Since radar antennas play a key role in interacting the signals
with human bodies and objects around, there is a lack of research showing the impact of radar antenna

modification for gait analysis. Phase 4, as well as RQ. 1.3 and RQ. 1.4 attempt to address this gap.

Although the speed of random walking could be extracted using a MIMO FMCW radar, the position
of a subject performing other in-home non-walking activities, such as vacuuming, change over time.
Therefore, for an in-home gait monitoring and activity recognition system, we need an algorithm to
distinguish walking periods from other activities and movements. Machine learning and deep learning
have been widely implemented for activity recognition; however, they are not integrated as a basis for
in-home gait monitoring and recognition. Most of the research on human gait analysis and activity
recognition has been done in a simple, clutter-free, or low-clutter environment with a constrained range
and limited activity [26], [29], [52], [80], [81]. However, when someone walks randomly in a cluttered
environment such as a usual home, his walking patterns are entirely different from that of straight-line
walking in a large area [30]. Identifying walking periods and recognizing the type of activity a person
performs is a complicated phase in such an environment using radar signal processing methods. Phase

4, phase 5, phase 6 and Phase 7, as well as RQ. 1.3, RQ. 1.4, RQ. 2.1, RQ. 2.2 attempt to address this
gap.
Although gait monitoring was investigated in many studies, there is no report on multiple-people gait

monitoring. However, for a long-term monitoring system, there is a need for tracking multiple people,

often simultaneously. Phase 5, as well as RQ. 1.5 attempt to address this gap.

Although radar sensors were introduced to be used for frequent daily gait monitoring, there is a lack
of a stand-alone IoT and cloud-based sensor to capture the received data without needing an extra

desktop/ laptop system to store the data over time. Phase 6 and Phase 7 aim to address this gap.
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Chapter 4
Clutter-Free Gait Monitoring

4.1 Relevance

Although radar sensors have been widely used for gait analysis, in many studies, only average gait
speed was extracted [52], [55], [68], [82]. There are a few existing studies that employ radar systems
and extract several average gait parameters over the entire walking period [6], [14], [26], [69]. For
example, in [6], two radar sensors and a treadmill were used to extract average spatiotemporal gait
parameters. However, none have developed an automated approach and system that can extract gait

parameters at each single gait cycle.

This chapter mainly focuses on how to extract gait parameters (e.g., speed, step length, stride length,
step time, step point, step count, etc.) at each single gait cycle using only one single radar sensor. In
this chapter, data was collected while a subject was walking in a large clutter-free environment. In this
thesis, clutter is defined as stationary/unanimated objects in an environment without considering
humans; a clutter-free or low-cluttered environment means an environment with only ground and roof,
not other objects. Note that subjects or participants would interchangeably be used throughout the thesis
to represent a person (s) walking or performing other activities in data collection periods. Throughout
this thesis, all radar data with a subject (s) is captured when subjects only performed walking tests
except in Chapter 6, as other activities were also captured for machine learning models for in-home

activity recognition.

Since all data for this chapter were collected in a clutter-free environment, it is acceptable to assume
that all reflected signals come from a walking subject’s body [26], [52], [80], [81]. The second condition
is that the subject walks in a straight line in all walking tests. In this chapter, the radar sensor used for

this thesis and its proper installation for gait monitoring is detailed first.
Disclaimer: A major part of this section was reported in two journal papers:

e Hajar Abedi, Plinio P. Morita, Jennifer Boger, Alexander Wong, and George Shaker,
“Hallway Gait Monitoring System Using an In-Package Integrated Dielectric Lens Paired
with a mm-Wave Radar, ” Sensors—MDPI, 2023, 23,71.
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e Hajar Abedi, Plinio P. Morita, Jennifer Boger, Alexander Wong, and George Shaker,
“Hallway Gait Monitoring Using Novel Radar Signal Processing and Unsupervised

Learning,” IEEE Sensors Journal, 2022.

4.2 Radar Sensor

To collect data, Texas Instrument (TI) mm-wave MIMO FMCW radar sensor (AWR1443Boost) [83]
was used for all experiments conducted in this thesis, which operates at 77 GHz81 GHz. This is an mm-
wave MIMO FMCW radar that provides range-azimuth-elevation information of subjects in addition
to the velocity, so this radar is a perfect fit for this application [72]. As shown in Figure 4.1, AWR1443
has three transmitters (Tx) and four receivers (RX) capable of estimating both azimuth and elevation

angles.
The criteria for selecting the proper radar sensor were as follows:

The type of radar: the MIMO FMCW radars have unique advantages that differentiate them from
other radar systems, including simultaneous detection of range, angle, and micro-Doppler shifts,

which make these types of radars suitable for a variety of applications.

Cost: the significant advantages of the new generation of these radars are low-cost, affordable, and

scalable.

Power: The radar sensor is low power which would have less or no negative health impacts. Its
transmitted signals have less than 10 dBm of power. In comparison, Wifi is more than 20 dBm, and
cellphones are in the order of 30 dBm. Power-wise, this system is much lower in power than other

wireless devices; thus, it could be used for the long term.

Availability: the radar sensor is available and can be purchased online, whereas many other

commercial radar sensors are not sold to individuals easily.

Easy access to raw data: a data-capture adapter, DCA1000 EVM board [84], was developed by TI to
transfer binary data of chirp samples over the UART interface to a PC. MATLAB could be easily

used to process the raw data from the radar.

Performance of the radar sensor: the performance of the radar sensor was proven in other studies
conducted in Wireless Sensors and Devices Lab (WSDL) for automotive applications [72], [73], [85]-
[88].
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Frequency of operation: this mm-wave radar operates at 79 GHz; mm-waves are non-ionizing, unlike
x-rays which do sort ionize body molecules. Mm-wave is absorbed by water and does not penetrate
the body; electromagnetic absorption at these frequencies is more than 10 times less than those used

for cellular bands and Wifi.
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(a) (b)
Figure 4.1. AWR 1443 radar integrated with the DCA1000 board (a) front view of the sensor and (b)

PCB antennas.

4.2.1 Radar Installation

Human locomotion (which includes the gait cycle) is a complex scenario. The velocity of each segment
of the human body varies over time, leading to different Doppler shifts (micro-Doppler) in scattered
signals [59]. As discussed in the literature review, using a CW radar, micro-Doppler signatures have
been extracted as a superposition of Doppler shifts in received signals [6], [89]. However, the position
of signals coming from subjects’ different body segments has not been distinguishable; micro-Doppler
signatures show complex patterns requiring very advanced algorithms to extract each velocity
accordingly. In previous studies, the speed of a walking subject was obtained based on the assumption
that the maximum signal in the spectrogram is associated with the torso. However, this type of
extraction can be extremely noisy and inaccurate as the signal-to-noise of the radar may not be sufficient
[3]. This is because the returned signals are often not isolated to the torso line, but knee and arm motions
can also be picked up as the strongest signal depending on the angles and RCS of each body part [3].
The radar should be located where its main beam illuminates the torso to associate the maximum of the
reflected signals to the torso. From the Lund & Browder chart [90], the torso contributes approximately
13% of the total body surface area, which is more than the surface area of other parts. Therefore, with

an appropriate radar setup, an individual's torso constitutes a major part of the reflected signals. Two
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factors play a crucial role in finding the best position to place the radar sensor: (1) radar antenna

radiation pattern and (2) the height of the radar.

For the first factor, the radar antenna patterns could be found online (if the radar is an off-the-shelf
one), or they could be simulated and measured. To install the radar and find an appropriate location,
we first analyzed the radar antenna radiation pattern. Although the radar radiation pattern is available
online [33], we simulated the radar antennas in HFSS (High-Frequency Structure Simulator) [91] and
measured the radiation patterns. In this chapter, for simplicity, we just provided the simulated 3D
radiation patterns of the radar antenna while transmitting with the Tx; in Figure 4.2 (a) to show the
wide beam of the radar antennas. Figure 4.2 (a) shows that the radar antennas provide a wide beamwidth
with more than 10 dBi gain. This wide beamwidth ensures wide coverage of the environment. As Figure
4.2 (a) shows, the antenna's main beam occurs at azimuth and elevation angle of 6= ¢ =0 °. Figure 4.2
(b) shows the orientation of the radiation pattern and the antenna structure on the radar board, simulated
in HFSS. More details about the radar sensor and simulation/measurement results can be found in

Section 5.2.2

Figure 4.3 depicts the proper radar setup (radar position) at the height of “h”, showing the main beam
illuminates the subject’s torso. To obtain the best value for “h”, we referred to some facts about the
average value of human height, lower body length and torso length. Based on the average human height
of about 164.5 cm, the mean lower body length of about 98 cm (1.4 of the height) and a mean torso
length of about 48 cm [92], the radar was located at a height of 120 ¢cm to illuminate the walking subject

s’ torso with its main beam. With this measurement setup, the chance to pick up strong returned signals

dB(GainTotal)

Min: -39.1

(a) (b)
Figure 4.2. Antenna Pattern (a) simulated 3D radiation pattern of AWR 1443 radar antenna (transmitting

with Tx;) (b) orientation of the radiation pattern and the antenna structure on the radar board.
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Figure 4.3. Proper radar position for gait monitoring (the main beam illuminates the torso).

from knee and arm motions is very low, and then the torso line can be selected from the occupied range
bins by isolating the maximum signal. Unlike many studies [93]-[98], we suggest that both antenna
patterns and signal processing techniques should be considered in radar-based gait monitoring systems.
As discussed, the height of h=120 cm was selected based on the average height of human beings [92],
so with this setup, the maximum signals come from the torso line (for the case of walking in a clutter-
free environment). This height is the proper position where, regarding the average human height and

the length of the torso, the main beam of the radar will illuminate the walking subject’s torso.

In addition to the position of the radar sensor and its antenna pattern, a suitable radar sensor can make
the gait monitoring algorithm easier and faster. As stated above, since CW radars cannot provide the
position information of subjects, and micro-Doppler of each body part cannot be obtained using the
range bin, sophisticated methods are required to extract the velocity of the torso [54], [59], [64], [99].
However, due to some distinctive features of FMCW radar sensors [28], [72], [73], [87], [88], FMCW
radars are promising alternatives as range and micro-Doppler could be provided simultaneously.

Moreover, as shown in the following chapters, a MIMO is chosen because the subjects' angle
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information is also needed for several gait monitoring scenarios. Therefore, for this thesis and for the
sake of consistency throughout the whole experiments conducted in this thesis, an mm-wave FMCW
radar operating at 76 GHz—S81 GHz was used. This range of operation has many advantages, such as
large bandwidth, higher resolution, small component size (for example, smaller antenna dimensions),

and cost-efficacy.

More details of FMCW radars are provided in Appendix A, but generally, as a subject walks, his
body occupies multiple cells of range bins calculated from FMCW radars. Although the RCS of various
body parts (the amplitude of each occupied cell bin in FMCW radar’s data) is a function of aspect angle
and operating frequency, a proper radar setup could align the main beam of the radar with the torso;

without a proper setup, every algorithm is prone to failing.

4.3 Measurement Setup

To assess the effectiveness of this thesis’ proposed gait monitoring algorithm for gait parameters, such
as step length and step counts, the true/ reference values were extracted by asking volunteers to follow
a traced line with marks on which the volunteers had to step. These scenarios helped to know the
number of steps each subject takes (the cadence) in addition to the step length. Using a stopwatch and
knowing the total distances each subject walked as a rough estimate of accuracy, the ground truth
velocity was calculated and compared with the result obtained from the proposed algorithm performed
on the received signals. It should be mentioned that due to the COVID-19 restriction, we did not have

access to a GaitRite Mat or a Vicon system during these experiments.

As shown in Figure 4.4, for all experiments conducted in a clutter-free large environment (in a local
industrial partner’s garage located in Waterloo), a participant walked 420 c¢cm in 6 steps toward and
away from the radar three times. The distance between each marker (step length) was 70 cm for men,
and 60 cm for women participants, as this was cited as the average step length for men and women
[100]. The reason for the selected distance of 420 cm for walking was that the active area of the GaitRite
(14’ model) is 4.27 m, and this is analogous to a typical hallway length in a conventional home
environment (e.g., house or apartment). The GaitRite was referred to because it was aimed to be used
as a ground truth before COVID-19 restrictions. It should be noted that the setup shown in Figure 4.4
is designed to calculate cadence and step length and may not fully represent the gait patterns observed
in a home environment. However, this setup was chosen to provide a controlled environment to validate
the accuracy of our proposed algorithm for calculating cadence and step length. Moreover, the current
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Figure 4.4. Experimental setup for gait assessment in a large clutter-free environment.

experimental setup does not consider the natural variability in stride lengths that occurs in a home
environment, especially during acceleration/deceleration and at the ends of a hallway. This variability
might potentially affect the accuracy of gait measurements, walking speed, and activity recognition.
Future work is needed to focus on validating the algorithm using data collected from home

environments to ensure that it can accurately capture the full range of gait patterns.

According to the walking distance, the radar configuration parameters used for experiments in this

chapter are defined and listed in Table 4.1

4.4 Gait Extraction Algorithm

The block diagram of the proposed gait extraction algorithm is depicted in Figure 4.5. To obtain
range information of a walking subject, the range FFT is applied to the received chirp samples from the
FMCW radar [72], [73]. Since the array of antennas is not entirely isolated in the MIMO system, the
leakage between two antenna elements (especially between receivers and transmitters) is removed [28],
[72], [73]. To remove signals reflected from stationary targets (clutters) in signal processing, a

stationary clutter removal algorithm is performed on each channel to remove all stationary targets. To
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Table 4.1. Radar parameters, definition and values used for radar configuration.

Characteristic name Characteristic description Specification Units
Start Frequency The frequency the radar signal will start at 77 GHz
Frequency Slope The slope at which the frequency of the radar is increasing. 60 MHz/ps
Idle Time The time between the previous chirp finishing and the frequency ramp 250 us

starting
Transmit Start Time The time within the chirp where the transmitter is turned on 98 ms
ADC Start Time The time when the ADC starts sampling 10 us
ADC Samples The number of samples the ADC takes 64
ADC Sample Rate The rate at which the ADC takes samples 2200 Ksps
Ramp End Time The time when the frequency ramps finished 60 us
Bandwidth The total frequencies spanned by the chirp 3600 GHz
Chirps/ frame The number of chirps per frame 256

do so, the average value of the signal is computed and subtracted from the aggregated signals [28], [72],
[73]. Therefore, the range profile of a walking subject is obtained. Note that since we considered only
one walking subject to be monitored in this chapter, we used only one transmitter and one receiver,
meaning that there is no need for a MIMO radar sensor for single-person gait monitoring. However,
the MIMO channels should be used for multiple-person scenarios and in-home gait monitoring, as

shown in the following chapters.

The whole body of a human being could be regarded as a single point to extract and quantify gait
parameters [14]. Since an individual's torso constitutes a significant part of the reflected signals, the
torso line can be selected from the occupied radar range bins by isolating the maximum signal [14],
[52]. As discussed above, this is true only if the main beam of the radar antenna illuminates the torso.
For instance, if the radar is on the ground and directed at the walking subject’s legs, the torso’s reflected
signal might not create the maximum value in the FMCW radar range bins. However, as shown in
Figure 4.3, a proper installation setup was considered, thus, it ensures that the main beam is directed at
the torso of the walking subject. As shown in Figure 4.5, obtaining the torso’s range bin by taking the
maximum value in the range bins, the position of the walking subject is approximated. Having the
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Figure 4.5. Gait parameter extraction algorithm.

position of the subject over time, the overall velocity of walking (i.e., the distance a walking subject

travels over a second (velocity=position/time)) can be calculated.

The velocity of the torso is calculated by performing a second FFT (Doppler-FFT) over the torso’s
range bin. Since the maximum velocity of the torso is achieved when the foot touches the ground (step
time) [59], applying a peak detection algorithm to the results of the absolute value of Doppler-FFT over
the torso’s range bin, the torso’s maximum speed is obtained. To extract the torso’s maximum speed, a
peak detection algorithm is applied to the Doppler-FFT. Based on the peak detection algorithm [101],
a local peak is defined as a data sample which is either larger than the two neighbouring samples or is
equal to infinity. We defined two variables for the peak detection algorithm, ‘Min Peak Height’ as MPH
and ‘Min Peak Distance’ as MPD. MPH finds only those peaks that are greater than the minimum peak
height, and MPD finds peaks separated by more than the minimum peak distance. MPD is specified to
ignore smaller peaks that may occur in close proximity to a large local peak. In this work, MPH is the
minimum acceptable value of the maximum velocity of the torso. To find a proper value for the MPH,

we assumed that the subject walks more than 0.5 m/s. Moreover, MPD is the minimum time interval
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between two consecutive step points. MPD is set to 0.1 s because we assumed that our subject could
not take a step for less than 0.1 s. These two variables are selected based on the fact that our subjects
are walking but not running. Moreover, several studies have shown that the cut-point for speed is 1 m/s
[9], [17], meaning that any value less than this threshold might notify an unhealthy status of the subject.
In this regard, in this chapter, we set MPH to 0.5 m/s to cover almost all types of subjects and even the
worst-case scenarios when subjects walk very slowly. The corresponding time of the torso’s maximum
speed shows the time when the foot touches the ground (contact position time/step time). Then, the
contact position time can be obtained, which can be used to determine the number of steps or step

counts.

Consequently, as shown in Figure 4.5, knowing the step time of every single step (t,) along with the
position of the subject (X (tn)), the step point of each step is acquired. The step length at each cycle is
then obtained by subtracting two consecutive step points. Finally, a count of the number of occurrences
of these maximum values over time results in the overall step count. It is worth mentioning that we take
advantage of the distinctive feature of FMCW radars, providing the range and Doppler information of
a subject simultaneously, enabling us to provide spatiotemporal gait parameters using only one radar
sensor. While other methods reported in the literature have extracted the average value of cadence and
other parameters by applying FFT on the spectrogram [6], [67], [102]-[104], our proposed method can
show the instance gait values (spatiotemporal gait parameters at every single gait cycle) of each metric.
Note that the instance values of each gait cycle could be used for balance detection and other gait

analysis in future works [3]. A full gait cycle is defined from one heel strike to the next [6].

4.5 Gait Values Obtained in a Clutter-Free Environment

The results presented here are from the measurement setup conducted in the garage (Figure 4.4) because
of less clutter in the surrounding environment. To show the extracted gait parameters at each stage of
the proposed algorithm, obtained results from one participant walking at a relative angle of 0° with the

radar are detailed here.

The results of the range-FFT at two different positions of this subject, at the range (radial distance
between the radar and the subject) of R=5.82 m and R=3.44 m away from the radar, are plotted in
Figure 4.6 (a) and (b), respectively, after running the clutter removal algorithm. As mentioned above,
stationary clutter removal is done on each channel to remove all stationary targets by computing the
average value of the signals and subtracting them from the aggregated signals. Since there is only one
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moving subject (the walking subject), the FFT results, performed on chirp samples, show only one peak
at the target position for each frame. The range-azimuth map of the subject at R=3 .44 m away from
the radar is also illustrated in Figure 4.7. The details on how to provide a range-azimuth map of the
subject are provided in Appendix C. The same process was applied to all frames of walking periods.
The trajectory of the walking subject (three times toward and away from the radar) is plotted in Figure
4.8. As seen in Figure 4.8. (a), the subject started moving toward the radar at a distance of R=5.8 m

from the radar to a range of R=1.6 m near the radar.

These results show the three times back-and-forth movements. Additionally, applying the second
FFT on the maximum range bins of the selected range bin, the velocity of the torso was obtained and
shown in Figure 4.8. (b). As seen, the velocity of the torso is negative when the subject is getting close
to the radar and is positive during moving away from the radar. In addition, it is evident from the results
that the velocity of the torso is not constant during walking, but it is a saw-tooth shape, showing the
stance and swing phases [53]. Figure 4.8. (b) also shows the transition between positive and negative
velocities that are turning cycles. To the best of the author’s knowledge, this research was the first time
that the velocity of torso’s component at each cycle was obtained using torso’s range bin. Previous
methods obtained the average velocity of the torso by performing FFT on the maximum value of the
spectrogram using CW radars, which might not be accurate since the spectrogram is a superposition of
all components of our body [89].
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Figure 4.6. Range- FFT of a walking subject in the clutter-free environment for the case when the radar

was installed at the height of h=120 cm (a) R=5.82 m and (b) R=3.44 m.
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Figure 4.8. Trajectory of a walking subject in a clutter-free environment for the case when radar was
installed at h=120 cm. (a) range of the target over time (b) the velocity of the torso over time (the

variation of the peak velocity is due to the bipedal motion of the human body).

A walking cycle is a complex motion where all segments of our body create various frequency shifts
in the returned signals. To show shifts in frequencies, the range-Doppler (Doppler is transformed in
velocity) map of the subject at R=3.44 m away from the radar is illustrated in Figure 4.9. As shown in
[59], although a small portion of the reflected signals comes from the leg, the velocity of the leg is
higher than that of the torso. The maximum amplitude of the range-Doppler map is associated with the

torso signals.
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The spectrogram showing a typical micro-Doppler signature of the motion is illustrated in Figure
4.10. More details on how to provide the spectrogram are provided in Appendix B. The speed is
displayed on the vertical axis, and the time on the horizontal. The amplitude of the reflected signals is
color-coded in this thesis, with yellow being the highest intensity and blue being the lowest. Forming
these short-time FFTs is the first step in processing because it visualizes the velocities and the
amplitudes of the moving body components. The dominant contribution to the micro-Doppler signature
appears to be the motion of the torso and the legs, but since it is not rigid, there is no distinct line but a
spectral spread, and the contribution of the arms is not as dominant. The body motion, which is the
stronger component underneath the leg swings, tends to have a slightly saw-tooth shape because the

body speeds up and slows down during the swing phase [105].

As shown in Figure 4.10, the spectrogram visualizes the time-frequency created by human motion while
quantitatively understanding the radar return characteristics of these typical motion classes is
considerably needed for gait assessment. It is necessary to extract the value of gait parameters for each
walking cycle. As shown in Figure 4.8 (b), the velocity of the torso, showing a saw-tooth signature,
was obtained by applying FFT on the torso’s range bins. Since the torso’s speed goes ups and down
during the stance and swing phases, extracting the maximum and minimum of these saw-tooth
signatures can be used to obtain the stance and swing time. Further, by applying a peak detection

algorithm to the torso’s velocity plot, stance and phase time can be obtained.

Normalized Amplitude

-2
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Figure 4.9. Range-velocity map of a walking subject in a clutter-free environment (R=3.44 m).
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Figure 4.10. Joint time-velocity representation of a walking subject in the clutter-free environment for

the case when radar was installed at h=120 cm.

Figure 4.11 shows the result of the peak detection performed on the absolute values of the torso’s
speed. As shown, the number of steps is equal to the number of peaks in the plot, corresponding to the
time when the participant took one step. As seen in Figure 4.11, the proposed algorithm accurately
detects all six steps taken by the walking subject in addition to the steps taken during turning cycles
(steps #19, #32 and #39). In Figure 4.11, gait parameters were extracted, including step time, stance
and swing time, and the number of steps/time (cadence). Additionally, by extracting the corresponding
time of each step and having the position of the subject during walking, step length at each cycle can
be obtained from the range of the subjects over time. Figure 4.12 shows the step points over range
during walking where step length and stride length are shown that the distance between two successive

points is the step length.

As described above, by applying the proposed gait monitoring technique using the FMCW radar,
spatiotemporal gait parameters such as step length, stride length, step time, and overall speed could be
extracted at each cycle. To the best of the author’s knowledge, during this thesis, the stride length,
contact position, and contact time for each cycle were extracted using an mm-wave FMCW radar for
the first time. As mentioned, the proposed method is based on the condition that the radar antenna’s
main beam illuminates the human’s torso, leading to the maximum amplitude of range bins being

related to the torso’s range bin; otherwise, the maximum value may not be associated with the torso’s

39



1.5 h
. 374 9 . 17 - E%0
» o s ME Bl e
é 1 2 13 18 5
s 1
2 19
(@]
-
‘©
205
(&
ie)
(]
=

0r i
0 5 10 15 20 25 30 35
Time (s)
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Figure 4.12. Range of the subject walking in a clutter-free environment for the case when the radar was
installed at h=120 cm. Step points (dots) and step counts (numbers) detected by the algorithm are

indicated on the plot line.

40



reflections. The radar was placed at a low height (15 cm above the ground), and gait parameters were
extracted to show the importance of a proper height (“h=120" for my radar setup). The same protocol

used for the previous tests was also used here.

The joint time-velocity representation (STFT performed on the radar data received from the walking
subject) in Figure 4.13 shows that when the radar was located at “h=15”, the torso’s returns were not
the dominant signals. Therefore, the maximum amplitude is not associated with the torso’s reflections
but from the leg’s signals at various periods as the radar is located close to the ground, the algorithm
fails in extracting the stance/swing phases. In this regard, Figure 4.14 shows the result of the FFT
applied to the maximum signals of the range bins, which are not necessarily the velocity of the torso;
in many cycles, instead of extracting the velocity of the torso, the velocity of legs is derived. Therefore,
applying peak detection to the absolute value of the velocity, various points were selected, while the
actual number of steps was six for each round. As seen in the case where the radar was not located at
the proper height, the proposed algorithm does not function correctly. These results confirm that all
signal processing techniques for gait monitoring should be associated with adequate hardware setup

and performance. It should be noted that for real-world environments, our system can also be

Speed (m/s)

5 10 19 20 25 30 35
Time (s)

Figure 4.13. Joint time-velocity representation of a walking subject in a low cluttered environment from

the case when radar was located at h=15 cm.
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customized to accommodate multiple occupants. 5.3, this setup is tested with a larger group of 22

participants to increase the validity of our results.

A summary of the extracted values of walking at different angles is provided in Table 4.2. As seen,
the proposed gait extraction algorithm is very accurate in calculating the walking speed, which is
independent of the direction of walking. This is because walking speed is obtained based on the change
in the subject's position over time, not the micro-Doppler pattern. For other gait values, although the
algorithm uses the Doppler patterns to find the step time, the accuracy is not significantly impacted by
the direction of walking. The reason is that our proposed algorithm is based on the variation of the
torso’s velocity during the stance and swing phases (it speeds up and slows down, creating a sawtooth

shape) but not the actual value of the Doppler.

In Chapter 4, the criteria for radar sensor selection to be used to carry out experiments in this thesis
were outlined. A proper installation option and consideration were also detailed. Additionally, a gait

extraction algorithm was proposed to extract spatiotemporal gait values at each single gait cycle.
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Figure 4.14. Peak detection applied to the absolute value of the velocity of a walking subject in a low

cluttered environment for the case when radar was located at h=15 cm.
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Table 4.2. Extracted gait values in a large area in various directions.

Direction of Step count Error in Step length | Error in step Speed Speed Error in
walking Step (cm) length (cm) (Radar) (Stopwatch) speed (m/s)
Count (m/s) (m/s)

-60 ° 35 1 65.7974 -4.20 0.95 0.91 0.04
-30° 36 0 68.0146 -1.98 0.86 0.90 -0.04

0° 36 0 69.1098 -0.89 0.95 0.97 -0.02
30° 36 0 68.5695 -1.43 0.94 0.98 -0.04
60 ° 33 3 65.0564 -4.94 0.94 0.98 -0.03

Differences between this proposed gait extraction algorithm and those found in the literature are as

follows:

1) Extract the velocity of the torso from the torso’s range bin, while previous works obtained
the average walking speed by extracting the maximum value of the STFT signature of

walking.

2) Apply a peak detection algorithm on the velocity of the torso to extract several gait
parameters for each cycle; previous methods applied FFT on the spectrogram (SFTF
patterns) to get the average value of stride length without extracting other parameters at each

cycle.

3) Find the proper position of the radar to be used for gait monitoring according to its radiation

pattern.

4) Fast and easy-to-implement gait extraction method, independent of the direction of

movements.

In contrast to the existing published research, we employed only one single FMCW radar and
developed autonomous algorithms for gait analysis. The novelty in this chapter is the spatiotemporal
gait features extracted at each gait cycle. Although the results obtained in this chapter should be
validated by a ground truth such as a GaitRite mat or a Vicon system, in addition to the inclusion of

more participants, the FMCW radar was shown to be able to extract spatiotemporal gait parameters at
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each single gait cycle. As detailed in the following chapters, the proposed gait extraction method was

implemented in a more challenging environment, such as a hallway.

It should be noted that due to radar’s resolution limitations, it cannot provide detailed information
about specific body parts, angles, joints, and pressures during the walking activity. The radar signal
reflects from the entire body, making it difficult to distinguish between different body parts. However,
this limitation does not affect the main purpose of this thesis, which is to develop a system for high-
level detection of walking activity and gait analysis. Future research could explore the use of higher
resolution radars, and complementary sensor modalities, such as wearable or pressure sensors, to
provide more detailed information about specific body parts and angles. However, the use of multiple
sensors also increases the complexity of the system and requires careful calibration and
synchronization. Overall, while the radar system used in this thesis has some limitations, it still offers
a promising approach for non-invasive and remote monitoring of walking activity and gait analysis in

home environments.
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Chapter 5
Hallway Gait Monitoring

5.1 Relevance

As stated in Chapter 3, the most currently available methods for gait values extraction were based on
Doppler information, which depends on the relative angle between the radar and a walking subject [3],
[53]. Additionally, most of them were conducted in large clutter-free environments [26], [52], [80],
[81]. However, there is a pressing need to develop gait assessment solutions for naturalistic settings
(e.g., individual’s homes, long-term care, and hospitals). We proposed hallway gait monitoring as a
simple and practical solution for continuous gait assessment in long-term care facilities. Hallways are
commonly found in various living environments and provide a predictable location where individuals
frequently walk, making them suitable for gait analysis [106]. One of the main challenges in such
environments is the existence of stationary objects (i.e., clutter), creating multipath signals or ghosts
[107]. Walls in the hallway have a strong “clutter” impact, creating multipath signals due to the wide
beam of commercially available radar antennas [3], [106]. Multipath occurs when a signal takes two or
more paths from the transmitting antenna to the receiving antenna. The multipath reflections can
interfere with the accuracy of gait measurement algorithms that rely on the assumption that the
maximum reflected signals come from the torso of the walking subject rather than indirect reflections
or multipath [6]. For instance, reflected signals from the torso in the spectrogram were obtained in [6]
to extract stride rate based on the assumption that the maximum signals are the torso’s returns.
However, this assumption is correct only if the subject is walking in a large clutter-free environment
[3]. The number and particular behaviour of the multiple paths depends on the room structure and the
presence of objects [ 107]. The multipath issue is more significant when people walk since moving even
a small object in an environment causes changes in multipath reflections [107]. Radar technologies
must be able to work in practical settings where day-to-day gait assessments will be made to be broadly

applicable. [3].

This thesis proposes two viable solutions to eliminate the multipath reflections: (1) Novel signal
processing and (2) Radar antenna modification. This chapter details these two methods in two separate
subsections for single-person hallway gait monitoring. Moreover, Section 5.3 covers proposed

multiple-people hallway gait monitoring methods.
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Disclaimer: A major part of this section was reported in four journal papers:

e Hajar Abedi, Ala Eldin Omer, John Hanna, Steven Ding, Ahmad Ansariyan, Andrei Felipe
Perez, Tom Paraschuk, Plinio P. Morita, Jennifer Boger, Alexander Wong, Safieddin Safavi-
Naeini, and George Shaker, “In-Package Integrated 3D-Printed Dielectric Lens for a
Millimeter-Wave Radar,” I[EEE Transactions on Components, Packaging and

Manufacturing Technology (under review).

e Hajar Abedi, Plinio P. Morita, Jennifer Boger, Alexander Wong, and George Shaker,
“Hallway Gait Monitoring System Using an In-Package Integrated Dielectric Lens Paired
with a mm-Wave Radar, ” Sensors—MDPI, 2023, 23,71.

e Hajar Abedi, Plinio P. Morita, Jennifer Boger, Alexander Wong, and George Shaker,
“Hallway Gait Monitoring Using Novel Radar Signal Processing and Unsupervised

Learning,” IEEE Sensors Journal, 2022.

e Hajar Abedi, Eric Hedge, Carmelo Mastrandrea, Ahmad Ansariyan, Plinio P. Morita,
Jennifer Boger, Alex Wong, Richard Hughson, and George Shaker “Non-Visual Contactless
RF Sensor Shows 14-Day Head-Down Bedrest Promotes Reductions in Walking Speed,”

(under preparation).
5.2 Single-Person Hallway Gait Monitoring Methods

5.2.1 Signal Processing

A novel hallway gait monitoring algorithm was proposed to address the multipath problem that could
be deployed for any radar type without the need for radar sensor alteration or modification. The
proposed method uses the MIMO features of an FMCW radar to find the range and azimuth heatmap

of the environment along with the Doppler information of a walking subject.

The block diagram of the proposed hallway gait monitoring algorithm is illustrated in Figure 5.1. To
show the detail of our proposed system and the corresponding result of each section of the algorithm,
the results of the proposed system deployed in a long hallway, as pictured in Figure 5.2. It should be
noted that in the hallway alcove, there was a hospital transport stretcher, a wheelchair, a medical cart,
a metal cabinet, and some other wooden objects, causing too many multipath effects. The same

commercially available mm-wave FMCW radar (Figure 4.1) was used for this experiment. All the
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results provided in this chapter are radar-agnostic, and the proposed algorithm could be paired with any
other type of MIMO FMCW radar. The radar configuration for this experiment is listed in Table 5.1.
Since the goal was to cover 14 m walking segments, the radar was configured for a maximum range of
16.4986 m. The radar was placed 1.5 m away from the walking subject’s starting point. The schematic
of the hallway walking test setup is provided in Figure 5.3. The maximum and minimum relative angles

between the radar position and the hallway walls are 38.19° and 4.02°, respectively.

5.2.1.1 Clutter Removal

As stated in previous chapters, the received signal includes not only the desired walking subject itself
but also unwanted detections, known as clutter, which come from the reflections of, e.g., walls, floor,
or objects around (i.e., stationary clutter). Same as in Chapter 4, the average value of the signal is

computed and subtracted from the aggregated signals to remove the reflections from the passive clutter.

Table 5.1. Radar sensor parameters for MUHC hallway gait monitoring.

Start Frequency | Idle time | ADC Start | ADC ADC Ramp End Chirps/ | Bandwidth
Frequency Slope (us) Time (us) | Samples | Sample Rate | Time (ps) Frame (MHz)
(GHz) (MHz/ps) (Ksps)
77 20 100 10 256 4400 105 256 2070
Radar Position
} 14 m
o (e))]
E S 3 0.7m o
| 1 | |
1 ) 1 1 1
2 m o
£ P, A * ™
-
1.5m \ ®,=38.19° '[
Turning Point ®,=4.02° Start/End Point

Figure 5.3. Schematic of the hallway walking test setup. The green rectangles show the step points. The
minimum and the maximum relative angle between the radar position and the hallway walls are ®; and
®,, respectively.

48



Since the signal variation reflected by clutter is small, removing the average is equivalent to
eliminating the stationary scatter [73]. Compared with stationary clutter, humans have a much higher
variation through their breathing, heartbeat, and small movements even when standing still, and this

variation is more significant during walking.

The range-time map of the environment for the case when a subject was walking across the hallway
is provided in Figure 5.4 after performing clutter removal. As shown, there are various reflections other
than the direct reflections from the subject, created due to multipath reflections in such a cluttered
environment. As mentioned above, in most gait monitoring algorithms, it is assumed that the maximum
value of the range profile or the STFT pattern represents the torso’s bin [26], [80]. However, as shown
in Figure 5.4 and Figure 5.5, due to the multipath effects, isolating the maximum values of the range
bin would not result in obtaining the torso’s correct position. Therefore, the torso’s range bin cannot
accurately be obtained by extracting the maximum amplitude from the range profile. The same

limitation also applies to isolating maximum values from the STFT patterns [6].

After generating a range profile of the subject, we performed a Capon beamformer algorithm to create
arange-azimuth heatmap of the environment. The Capon beamformer algorithm is detailed in Appendix
C. This method not only paves the way for future versions of the algorithm that can track multiple
subjects but provides more information on the environment to distinguish between the reflections from

the walking subject (direct signal) and their multipath effects.
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Figure 5.4. Range- time map of the environment after performing clutter removal algorithm when the

subject was walking across the hallway.
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Figure 5.5. Range of the walking subject over time obtained from the common gait extraction algorithm.

5.2.1.2 2D-CFAR

As shown in Figure 5.6 (a), the range-azimuth heatmap represents the density of reflected signals in the
environment. If a walking subject is at a specific range and azimuth, that location has more reflections
in comparison with other non-occupied positions. This phenomenon is true if no multipath effects exist
or the heatmap is obtained in a clutter-free environment (Figure 4.7). However, as shown in Figure 5.6,
in addition to the walking subject’s position (the black circle), the heatmap also shows other strong
reflections (the red circles). The amplitude of the multipath signals is more than the subject’s direct

reflected signals.

Therefore, the position of the walking signals could not be isolated by taking the maximum values
of the range-azimuth heatmap. Because the reflections from the hallway cause too much
noise/anomalies, the common gait monitoring algorithm [6], [14], [108] could not accurately extract
gait values in a highly cluttered environment, as shown in Figure 5.5. Hence, an algorithm is required
to find the exact position of the walking subject over time (to track the walking subject) before
performing a gait extraction algorithm. To do so, we first perform 2D-CFAR (2D Constant False Alarm
Rate) [109] to detect signals of the range-azimuth heatmap. Figure 5.6 (b) shows the 2D-CFAR output
of the subject’s detected points and ghosts.

5.2.1.3 Unsupervised Machine Learning: DBSCAN

An unsupervised machine learning algorithm was applied to cluster detected points to remove ghost

clusters and track the subject walking across the hallway. This allows for separating and identifying the
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true signal (subject’s direct signals) from the ghosting ones. Since the multipath effects in our
application vary from one frame to the other, sufficient information about the number of ghosting
clusters is not known. As density-based clustering does not require one to specify the number of clusters
in the data a priori, the density-based spatial clustering of applications with noise (DBSCAN) algorithm
was applied to group the detected points [3]. The DBSCAN approach was selected based on several
factors. Firstly, it is a density-based clustering method that is robust to noise and can handle irregularly
shaped clusters, which is important for our gait monitoring application. Secondly, it does not require
the number of clusters to be specified in advance, which is useful in cases where the number of clusters
is unknown. Finally, it has been widely used in the literature for several applications and has shown

promising results.

For a point to be assigned to a cluster, it must satisfy the condition that its epsilon neighbourhood (¢)
contains at least a minimum number of neighbours (min_points). Based on the performance of the
different variables set for the DBSCAN parameters, e=2 and min_points=5 were selected as optimized
values. However, to reliably group the detected points from the walking subject to a correct cluster, it
was realized that data from one frame is not sufficient. As shown in Figure 5.7 (a), the purple points
(subjects detected points) are estimated as noise points or “No-Cluster” — an outlier that does not
belong to any cluster. Note that each range sample represents 12.99 cm and each 0 sample is 0.6990°.
To prevent missed detection and avoid having empty detected points as input for the clustering
algorithm, the clustering algorithm should be applied to the aggregated data over time. It has been
shown in previous radar-based human monitoring application research that adding time as an extra
variable or having an observation time in the signal processing chain increases the accuracy of detection
significantly (e.g., [73]). In other words, the subject being tracked might not appear in every single
frame. Therefore, integrating multiple successive frames or detecting the subject over time can
significantly improve detection accuracy. We, therefore, selected several frames (N_frame=3) of range-
azimuth heatmaps, aggregated their CFAR detected points, and then applied DBSCAN to the result.
N _frame=3 is selected to ensure the target cluster has enough detected points to satisfy the minimum
clustering criteria. Additionally, it is chosen not to add too much complexity as the ghosting clusters
would also be more if we aggregate more frames. As shown in Figure 5.7 (b), the subject's detected
points could be clustered correctly by integrating the detected points over N_frame or equivalently

adding time as an extra variable to the processing chain.
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Figure 5.6. A single frame example of the range-azimuth of a walking subject at frame #122 (a) the

Capon beamformer results (b) CFAR outputs. The black circle represents the subject being tracked, and

the red circles represent multipath reflections.

In order to remove ghosting clusters, associate the subject’s cluster to its previous cluster and track
the subject over time, we propose a tracking and association algorithm that identifies the subject’s
52



cluster (target cluster) during walking and associates it with the target cluster of the previous frame.
Figure 5.7 (c) demonstrates the target cluster obtained from our proposed tracking algorithms, detailed
in the following subsection. Note that frame #122 in Figure 5.7 helps to illustrate the detail, while the
same results could be obtained in other frames. A screenshot of the video of the subject’s walking
process in frame #122 is provided in Figure 5.7 (d). It should be mentioned that in this hallway location,
there was a hospital transport stretcher and a medical cart on the right side of the subject in the hallway

alcove.

Our proposed tracking algorithm is shown in Algorithm 4.1. To initiate the tracking and association
process, we need to find the initial position of the subject that we wish to track. The initial position of
the walking subject could be selected manually so that we can select the correct cluster that represents

the subject from the DBSCAN outcome. For example, in Figure 5.8 (a), since the start position of the
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Figure 5.7. Output of the DBSCAN algorithm at frame #122 (a) applied to the data from one frame, (b)
applied to the aggregated frames, (c) target cluster among other ghosting clusters based on the tracking
method and (d) the corresponding snapshot of the video. The black circle represents the subject being

tracked, and the red circles represent ghost clusters.
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subject is known, we know that cluster 3 is the target cluster. However, as our goal is to have an
autonomous system, it must be able to initiate the process accurately and automatically. We realized
that for all initial points, the cluster with the maximum number of detected points is the subject’s cluster.
This is true only for the initial points when the subject is about to start walking as they were standing
still and thus in the same position for more than one frame. Therefore, the signal aggregation of almost
the same position has more detected points than other positions. Additionally, as the subject is about to
start walking and has less movement, the multipath reflections are comparatively less, while during the
walking cycles, as will be shown, ghosting clusters could have more detected points. Thus, to get the
initial position of the subject, the cluster with the maximum number of detected points was selected as

the target cluster, as shown in Figure 5.8 (b).

Various radar tracking algorithms have been proposed and extensively used in different studies, such
as extended Kalman filters, unscented Kalman filters (UKF), multiple hypothesis testing, particle filters
and alpha-beta filter [110]-[113]. In a state-of-art processing pipeline, the radar detections from CFAR
are passed into a tracking, for example, UKF, where the track-to-detect association is done through
detection gating, and the target state parameters (position and velocity) are updated by the tracker [114].

The subject's speed is a crucial decisive element in the aforementioned tracking methods. However,

Algorithm 4.1: Association & Tracking Algorithm

Input: range-azimuth heatmaps, CFAR outputs, initial center
Output: Center points of the walking subject
center_old= initial_center
For i= N_frame+1: number of frames:
CF_Sum=0
For n=i- N_frame:i
CF _Sum= CFAR outputs (n)+ CF_Sum
CFAR outputs ()= CF_Sum
If ~isempty
detect_clusters=DBSCAN (CFAR outputs(i))
For j=1: length (detect_clusters):
center= max (range azimuth map (detect_clusters)))
dist (j)= Euclidean_distance (cluster center, center old)
center=min (dist)
center_points (i)= center
else
center_points (i)=center_old
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Figure 5.8. Subject’s initial position (a) detected clusters (b) target cluster (subject’s cluster) and its

center point to be tracked over time.

prediction based on the subject's velocity might lead to inaccurate results. For example, if the subject
is missed for a frame or due to the multipath effects, the target cluster is not selected correctly and thus,
the velocity of the subject would be obtained incorrectly for some frames, and the prediction leads to
inaccurate results. Moreover, the velocity of the subjects obtained from the Doppler highly depends on
the relative angles between the subject and the radar, leading to an inaccurate outcome. Our goal is to
find the subject’s position and walking speed based on his position but not his Doppler/velocity.
Therefore, we base our tracking method on the current and previous positions of the subject, a point
with the maximum amplitude of each cluster from the range-azimuth heat map, and some facts about
walking cycles. We propose our tracking and association method based on the Euclidean distance

between two consecutive center points of the subject’s cluster.

To associate each identified cluster with the previous one and to track the subject over time, we first
calculated the center point of each cluster. Our criteria to find the center point of each cluster was to
find the point with the maximum amplitude. As each cluster has a range index and azimuth_index —
(range samples and 6 samples in plots), these can be used to obtain the corresponding cluster’s
amplitude from the range-azimuth heatmap. For our method, we considered the whole body of a human
being to be a single point [14]. This assumption holds because an individual’s torso constitutes a
significant part of the reflected signals, which means the torso line can be selected from the occupied
radar range bins by isolating the maximum signal from his cluster [52]. The center point of the initial
subject position is shown in Figure 5.8 (b) as an example. Therefore, if we select the torso’s range bin
from the subject’s cluster, we can reliably extract distinctive and informative features of gait parameters

from the velocity of the torso speeding up and slowing down during the swing phase of each leg [59].
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As detailed in Algorithm 4.1, to find the subject’s cluster among other ghosting clusters, our criterion
is to find the nearest point to the previous center point of the target cluster (center old). For each frame,
the algorithm takes the center position of the last target cluster and the aggregated output of the detected
points from CFAR. The DBSCAN algorithm is then applied to cluster the detected points. In the next
step, the center of each cluster is calculated by obtaining the maximum amplitude of the cluster in the
range-azimuth heatmaps. The Euclidean distance between the center point of the current cluster
(cluster _center) to center_old is then calculated. The cluster with the closest center point to center _old
is associated with the subject’s cluster, which indicates the subject’s torso’s position. Consequently,
the successive center points of the subject’s cluster over time show the subject’s position during
walking. Tracking the subject over time provides the trajectory of walking (range, azimuth, and Doppler
information). Based on the trajectory of walking, gait parameters can be extracted by performing our
proposed gait extraction algorithm. As an example, the tracking algorithm’s output of frames #124 and
#126 are shown in Figure 5.9 (a) and (b), respectively. As seen, the algorithm correctly identifies the

subject’s clusters and associates them with the previous corresponding frame.
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Figure 5.9. Output of the DBSCAN and the tracking algorithm at (a) frame #124 and (b) frame #126.
The black circle shows that the tracking algorithm correctly identified the cluster of data that

corresponds to the true location of the subject.

5.2.1.4 EXPERIMENTAL RESULTS

The performance of the proposed method was evaluated in a long hallway pictured in Figure 5.2. Gait
parameters were extracted by asking five volunteers to walk back and forth along the hallway twice by
following a straight line with marks showing the step points the volunteers were asked to step on. The

total number of step points was 80 for the two full-lap walks. Although this setup might not properly
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represent normal gait, it gives a good estimate of the true gait without needing GaitRite or Vicon

systems.

For all tests, comparison time values were recorded using a stopwatch and asking volunteers to follow
a traced line, as depicted in Figure 5.3. We have used the stopwatch method as a simple and easy-to-
implement approach for validation purposes. However, we also acknowledge its limitations and
potential sources of error, such as human reaction time and stopwatch accuracy. Hence, future works
are needed to perform additional validation experiments using a more accurate motion capture system

as a gold standard for comparison.

As shown in Figure 5.10, the position and the time duration for the first 2 m-walk (Ti, Ry), the first
10 m-walk (|(T2, R2) -(T1, Ry1)|), the first turn (|(T3, R3) -(T2, R2)|), the second 10 m-walk (|(T4, R4) -(T3,
R3)|), the second turn (|(Ts, Rs) -(T4, Ra)|), the third 10 m-walk (|(Ts, Re) -(Ts, Rs)|), the third turn (|(Ts,
Re) -(T7, R7)|), the fourth 10 m-walk (|(Ts, Rs) -(T7, R7)|), the last 2 m-walk (|(Tend, Rena) -(Ts, Rg)|) are
calculated. Table 5.2 summarizes the gait values obtained using our proposed method along with the

measured values.
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Figure 5.10. Range of the subject over time to capture walking speed with points used for calculations

indicated.
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Note that the time it took for turning cycles (2 m-walk) is excluded in walking speed and step length
calculation processes; therefore, 10 m-walk cycles were used for calculations. The “estimated values”
in Table 5.2 are the number of steps the volunteers were asked to follow; thus, we assume our subjects
followed the protocol perfectly. It should be noted that gait parameters were extracted using the method
proposed in Figure 4.5. To demonstrate the performance of our proposed algorithm and show the result
of our gait extraction algorithm, we presented a case study of results from one of the volunteers. Having
the position (range) of the subject while walking toward and away from the radar (Figure 5.10) and
corresponding time according to the protocol mentioned above, the average walking speed of 1.3618
m/s is calculated, while the measured (stopwatch) value was 1.3699 m/s. Applying the Doppler-FFT to

the torso’s range bin, the velocity of the torso is obtained, as shown in Figure 5.11.

Applying the peak detection algorithm to the absolute values of the velocity of the torso results in
the identification of the step time of each gait cycle, step number, and step counts, as shown in Figure
5.12. As the time of each step is known from Figure 5.12, and the position of the subject is obtained
from Figure 5.10, step points at each gait cycle can be obtained, as shown in Figure 5.13. Step length

can then be acquired by subtracting two successive step points, as shown in Figure 5.13, by the red
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Figure 5.11. Example of torso velocity during walking calculated by the radar system.
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arrow and a photo of the step. This means that spatiotemporal gait parameters at each cycle, such as
step points, step time, speed of torso, and step length, can be extracted in a long hallway using only one
FMCW radar sensor. As shown in Figure 5.12, the total number of steps calculated by the system for
the overall walk in our case study is 84, while the actual step number was 80. As summarized in Table
5.2, the average step length calculated by the system was 67.64 cm, while the distance marked on the

floor was 70 cm.
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Figure 5.12. Peak detection algorithm applied to the absolute value of the velocity of the torso. Step

counts are shown by the small arrows and numbers above the velocity plot line.

Table 5.2. Extracted gait parameters in a large hallway.

Participant Number of total Number of 10 m-walk | Step length (cm) Speed Speed
steps steps (Estimated value: | Measured Measured
(Estimated value: | (Estimated value: 60) 70 cm) by our by
80) System  Stopwatch
(m/s) (m/s)
A 85 56 69.83 1.37 1.38
B 80 59 65.18 1.28 1.29
C 82 56 67.04 1.37 1.41
D 84 58 67.64 1.36 1.36
E 87 58 67.20 1.32 1.32
Average error +3.6 -2.6 -2.622 0.01 m/s
for five
participants
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The five subjects in this validation experiment have gait velocities that range from 1.2811 m/s to 1.3765
m/s, while the system’s average absolute error for speed estimation ranged between 0.0040 m/s to
0.0435 m/s. The absolute error was obtained by comparing the speed results obtained from the radar
sensor and a stopwatch. Although these results come from a small sample size in a constrained
condition, and the ‘ground truth’ may have been flawed as it was recorded using a stopwatch, these
results suggest our radar system may be accurate enough to detect clinically meaningful changes (i.e.,
changes on a scale of 0.05 m/s [115]). The step length of the individual subjects ranges from 65.18 cm
to 69.83 cm, with an error of 0.17 cm to 4.82 cm, respectively. Additionally, the system had an average
absolute error between 1 step to 4 steps in measuring step counts for 10 m-walk and O steps to 7 steps
for the whole walking process. As shown, our proposed work can extract spatiotemporal gait values at
each gait cycle using a single FMCW radar. It is also worth mentioning that, as shown in Figure 5.12,
step time, stride time, and stance time could be extracted at each single gait cycle; however, as we did

not have access to a GaitRite mat or a Vicon system, we did not report them in this work.
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Figure 5.13. Range of the subject walking. Step points (dots) and step counts (numbers) detected by

the algorithm are indicated on the plot line.
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To compare the outcomes of this work with previous works, we listed a number of references in
Table 5.3 with the reported error range, extracted gait parameters, the type of radar and the number of
radars used for their experiment. Differences between this proposed gait monitoring algorithm and

those found in the literature are as follows:

As shown, the error reported in our work is very low compared with other reported works. Moreover,
we used only one FMCW radar that provided both spatiotemporal gait parameters at each gait cycle,
while other works either used two radars to provide some detailed gait parameters or added an extra
device, such as a treadmill, to provide these parameters. Additionally, we provided spatiotemporal gait

parameters at every single cycle; for instance, step time, step lengths, step points, etc., are extracted at

Table 5.3. Comparison of the outcomes of this work with other previous works.

Reference Reported error Number Type of Extracted parameters Radar type and
in speed of radars | environment other required
devices

[26] Not reported 1 Low clutter | mean walking speed, maximum leg Micro-Doppler

velocity, maximum leg velocity,
mean leg velocity in the swing and
stance phase, degree of variation of
leg velocity in the swing and stance
phase,

[6] For 1.1. m/s 2 Low clutter | Stride time, stance time, flight time, Continuous
walk (foot step time, cadence, stride length, step | waves and
velocity error): length, maximal foot velocity, treadmill
0.06 m/s to 0.17 maximal ankle velocity, maximal
m/s knee velocity, and time instant of

maximal knee velocity:

[69] 0.144 m/s 2 Low clutter | Foot velocity, torso velocity, step pulse-doppler

time

[116] For 10 GHz: 1 Low clutter | Walking speed 10 GHz pulse-
slow walk: 0.4 doppler
m/s and normal 24 GHz FMCW
walk: 0.14 m/s
For 24 GHz: 0.5
m/s and normal
walk: 0.06 m/s

This work 0.0040 m/s to 1 High clutter | At each gait cycle: walking speed, FMCW radar
0.0435 m/s maximum velocity of the torso, step

length, number of steps, step points,
step time, step count
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each cycle for the first time in this work. Therefore, while future work with a greater range of test
conditions and more participants must be done to ascertain the accuracy of our algorithm, these
preliminary results demonstrate the promising potential of our algorithm to monitor several aspects of

gait in hallways accurately.

As people in their natural environments might not start walking down hallways from standing still,
for this approach to translate to real-world applications, we need to add machine learning to the
proposed signal processing chain to identify walking cycles and distinguish them from other activities.
In this, we based our algorithm on the assumption that we know the subject is walking. However, in a
real-world application, we should first identify the walking cycles and then apply a gait monitoring

algorithm (detailed in Chapter 6).

5.2.2 Radar Antenna Modification

In the previous section, we put forward a novel radar signal processing and unsupervised learning
algorithm to track a subject walking in the hallway and distinguish the direct signals from multipath
reflections. The results above showed that the proposed association and tracking method could reliably
track the walking subject combined with our proposed gait extraction algorithm to extract
spatiotemporal parameters accurately. However, multiple transmitters and receivers are required to

obtain a range-azimuth heatmap of the environment for single-person monitoring.

This section aims to showcase the effectiveness of radar antenna modification in mitigating multipath
reflections in hallway gait monitoring without the need for advanced signal processing methods. As
stated in previous sections, we have been using commercially available low-cost radars that typically
have wide beamwidth and suffer from low gain and short-range coverage. High-directive antennas
could mitigate reflections from surrounding environments. As such, there is a need for an array of
antennas with a higher gain and sharper beam, i.e., a pencil beam. Rather than building a printed circuit
board for the radar system with different antenna designs, a dielectric lens antenna is a promising low-
cost solution [117], [118]. One advantage of lens antennas compared to array antennas [119] is the
simplicity of the design, which features a small feeder, usually a single element such as a patch or a
slot, at the focal point of a dielectric lens [120]. Lens antennas have been widely used to direct waves
in a prescribed direction and prevent signals from propagating into undesired directions [121].
Moreover, lenses have been used to enhance antenna gain leading to an increased SNR at the receiver

[122]-[125], to steer the beam [126]-[129], to shape the beam [130], and to enable ultra-wideband
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usage [131]. This could address issues related to the limited range due to the higher path loss and the

wide beamwidth of the available mm-wave radar antennas.

5.2.2.1 Dielectric Lens Antenna

Based on the principle of refraction [121], lens antennas come in various shapes that translate into
different performance, usability, and manufacturing cost [132], [133]. High manufacturing costs,
excessive weight, and costly fabrication are among the drawbacks of most lens technologies reported
in these works. Moreover, most of these lenses are integrated with the primary feeds, called an
integrated lens antenna (ILA) [134]. ILAs have a considerable profile and volume, making them
incompatible with some on-board applications. For instance, since there is not sufficient real estate on
the AWR1443Boost radar board [83], it is not possible to place a lens directly on top of the radar board.
Therefore, the ILA design for AWR1443Boost fabrication and integration would be greatly confined,
resulting in poor lens performance. However, due to the ease of integration and packaging, an off-body
lens antenna (i.e., a lens antenna that has no contact with the antenna board) [135]-[138] is a promising
solution in our radar system. Extensive research has been conducted on hemispherical, elliptical, and
hyperbolic lenses[121]. Due to their unconventional forms, hemispherical and elliptical lenses are
challenging structures to manufacture and integrate into radar systems. On the other hand, the
hyperbolic lens is appealing due to its aesthetic packaging (because it presents an outer planar surface),

ease-of-integration, and ease-of-fabrication.

5.2.2.2 Hyperbolic Lens Antenna Fed by a Single Source

To collimate waves from a feeder (assuming a point source), all rays at the outer surface of the lens
should have the same phase. Hence, the electrical path length of every ray needs to be the same at the
exiting wavefront to transform all waves into plane waves [121]. As shown in Figure 5.14 (a), in a
hyperbolic lens, the refraction occurs in the hyperbolic surface where the waves enter. In this
configuration, the other side, where waves exit, is planer and does not refract the rays. The shape of the
outer surface of the hyperbolic lens in the polar coordinates can be obtained by imposing the path length

collimation condition [121]:

7“(77)+nt=F+mf+nt1 (1)

where F is the focal length of the hyperbolic or the distance to the feed, n=V(g; ), 0<r<R, and R is the

radius of the hyperbola, t is the thickness of the hyperbola, and #, =7 —¢ where T is the maximum
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thickness of the hyperbola. Furthermore, because of the actual physical length condition, it could be

written as:

r(n)cos(n) =F+t, )
By subtracting (2) from (1),
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Figure 5.14. Geometry of a hyperbolic lens antenna fed by (a) a single point source and (b) fed by

multiple sources in a MIMO system. TXs: transmitters, RXs: receivers.

7’(1 —cos (77)) =t (n - 1) (3)
o 7“(1 —cos(n))

e “4)

n—1

and by replacing (4) with (2),

r[cos(n)(n—l)—(1—005(7]))} = F(n—l) (5)

meaning the relationship between the focal length and its radius could be written as

o F(n-1) ©
ncos(?]) -1

where the thickness of the lens (t) in cartesian coordinates, in terms of F, r and n, is written as [131]
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F n+l1{r

t(r)=n+1 1+n—1[?j ! @

In this work, we base our design of the in-package lens on our previously used radar sensor (Figure
4.1) [3], although the same design procedure should be applicable to other types of radar sensors. We
point out that while one transmitter and one receiver are enough for single-person gait monitoring
proposed in this work using our proposed gait extraction algorithm (explained in Chapter 4), we
designed the lens for the same radar (Figure 4.1) used in our previous work [3]. This would help provide

a reliable and reasonable comparison (in terms of operation frequency, range resolution, etc.) between

the outcome of this work and our previous work presented in Section 5.2.1.

Since the lens should be paired with the radar antennas, the AWR1443Boost antennas are used as
primary feeds for a hyperbolic lens. As shown in Figure 4.1, the AWR1443Boost has four receivers
(Rxs) and three transmitters (Txs). However, the design steps of a hyperbolic lens explained in (1)—(7)
are based on one point source placed at the center of the lens. Therefore, the impact of the multiple
sources positioned at different relative distances to the lens focal point should be investigated. In the
AWR1443Boost system, an active source is switched from one element of the transmitters to the other

while all receivers receive reflected signals simultaneously [83].

As shown in Figure 4.1 (b), each source has a different relative distance to the center of the lens
(apex) in the MIMO system, causing collimated waves directed at different angles. Note that the
direction of the main beam can be changed by either moving the position of the feeder of the lens or by
switching the active source of the lens in an array of transmitters. In other words, the effect of a change
in the position of an active source point is similar to the lens rotation [139]. Thus, the direction of the
collimated beams depends on the focal point and the relative distance between the radar antennas and
the lens center in the x-y plane. The beam tilt angle along azimuth and elevation direction could be

given by

0 =tan’| -0
(4

=tan! o
¢ = tan ( Fj )

where (x,, y») is the position of each element in the x-y plane.
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Note that (xa, yn) = (0, 0) is considered the origin. Displacements in the x-axis and y-axis lead to
beam steering in azimuth and elevation directions, respectively. In this work, it is assumed that a change
in position occurs in one dimension (only x or only y direction) because of the geometry of the

AWR1443Boost radar antennas shown in Figure 4.1.

5.2.2.3 Hyperbolic Lens Design

Various simulations and measurements were carried out to design a proper lens antenna and achieve a
good level of performance. Two sets of simulations were performed to identify the optimum lens
parameters and to realize the effect of multiple sources on the lens antenna. In all simulations, Rogers
RO4350 was the substrate of the antenna. The size and shape of the AWR1443Boost antennas are
detailed in Figure 5.15. In the following, the pattern called Tx; is the radiation pattern of the
AWRI1443Boost antenna when the antenna Tx; is the only active element while the other two are not
transmitting. The same process is applied for other antennas: Tx», Txs, Rx1, Rx,, Rx3, and Rx4. Note
that in all simulations, the lens dielectric constant is set to &~ 2.74 to match the polylactic acid (PLA)
building material. We used PLA due to its proven performance, cost, availability, and ease of

fabrication [136].

HFSS simulations were started by simulating the AWR 443Boost transmitter antenna without the
lens. Since the radar was designed to operate from 76 GHz—S81 GHz, results are shown for 76 GHz,
77 GHz, 78 GHz, 79 GHz, 80 GHz and 81 GHz frequencies. Figure 5.16 shows the antenna's simulated
3D gain radiation pattern when the Tx; was excited. As shown, the radar antenna without the lens has
a very wide beamwidth with a gain of 10 dBi, 10.5 dBi, 10.3 dBi, 9.5 dBi, 9.5dBi and 9.46 dBi at
frequencies of 76 GHz, 77GHz, 78 GHz, 79 GHz, 80 GHz and 81 GHz, respectively. The results show
that the patterns of the transmitter antennas are not identical over the frequency bands but have minor
gain variations over the frequency bands. The wide beamwidth is the main issue in addition to the low
gain in our application. So, there is an excellent need for substantially improving the gain and

sharpening of the beam for hallway gait monitoring.
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Figure 5.15. Design and parameters of the AWR1443Boost antenna sub-module simulated in HFSS.
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Figure 5.16. Simulated 3D gain radiation pattern of the AWR1443Boost transmitter antennas without
the lens transmitting with Tx; operating at a frequency of (a) =76 GHz, (b) =77 GHz, (c) =78 GHz,
(d) £=79 GHz, (e) =80 GHz, and (f) =81 GHz.

5.2.2.3.1 Parametric Analyses

As shown in (7), the design of the hyperbolic lens antenna involves two main variables: the focal point

(F) and the lens radius (R). The purpose of this subsection is to find the optimum parameters for the

lens profile with the highest gain while providing lower sidelobe levels [140]. The center of the
67



hyperbola is fixed at (0, 0) in the x-y plane, and the positions of the Tx;, Tx», and Tx3 are set to (—A, 0),
(+A, 0), and (0, -A/2), respectively.

For the parametric analyses of the focal lens and the radius, one parameter remains fixed while the
other ranges from 2 A to 20 A. The focal length is fixed at F=10 A to realize the effect of the radius on
the lens performance. The same step is taken to show the impact of the focal length. The lens radius is
set to R=10 A, while F varies from 2 A to 20 A. All simulation results from the parametric analysis of
the AWR1443Boost transmitter antennas shown below are the results of the Tx; antenna (Tx;: on, Txa:

off, Txs: off) at a frequency of =77 GHz since the same results are obtained with other transmitters.

To simulate the AWRI1443Boost antenna integrated with the lens, a hybrid electromagnetic
computer simulation in HFSS is performed, using the integral equation-based method of moments (IE-
MoM) for the lens and the finite element method (FEM) for the AWR1443Boost antennas [141]. As a
preliminary result, Figure 5.17 shows the lens's radius and focal length effect on the gain. As shown,
there is a saturation point at which very little further gain enhancement is achieved by increasing both
the focal length and the radius of the lens. Specifically, it is observed that with a value of around
R=F=10 2, the gain would no longer increase in line with an increase in the size or the focal length.
This is an intuitive observation due to the lens’ limited capability of collimating all waves from the

primary feeds represented as sidelobes.

Furthermore, Figure 5.18 demonstrates that both F and R directly change the SLL values. An
increase in F increases the SLL, whereas a larger R reduces the SLL value. Moving the lens further
above the feeder increases the spillover loss [134], which in turn significantly increases the SLL. On
the other hand, a lens with a particular focal length but a larger radius could cover wider angles of
waves coming from the source. However, a lens antenna with a very large radius would be bulky and,
therefore, might be impractical to pair with a small radar sensor. Thus, in the lens design, it is crucial
to find the saturated point of the gain and recognize the trade-off between parameters. Improving one

parameter may negatively influence another.

To show the details of the impact of the focal length on the AWR1443Boost antenna performance,
in Figure 5.19, the radiation patterns of the antenna at ¢=0 for the case of R= 10 A, F=2.5 A, with the
gain of 18.09 dBi and SLL=3.1 dB is compared with the case with the lens of R= 10 A, F=20 A, of the
gain of 24.3 dBi and SLL=6.67 dB. The results confirm that the lens at a further distance above the

patch has a higher SLL and a sharper beam compared with the closer one.
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Figure 5.20 illustrates the reason why the lens closer to the feed has a lower SLL value closer to the
feed. As illustrated, a lens closer to the feed can cover more rays coming from the primary feed and,
thus, collimate them effectively; however, the lens far away from the feed is less efficient in fully
covering rays coming from the feed to be collimated. Therefore, some parts of the uncovered rays
diffract near the edge, and other portions tend to follow the original directions leading to a higher SLL.
If the primary feed has a radiation pattern of y beamwidth, the lens with the radius of R, the thickness
of T and the focal length of F; could cover w;=tan” (R/F}), so y-y; would be remained uncovered by
the lens. The uncovered rays for the lens further away from the feed would be more than in the other
case. For instance, the lens with the radius of R, the thickness of 7" and the focal length of F> could
cover yo=tan™ (R/F>), so y-y><w-y,. Therefore, moving the lens further on top of the feed would
increase the spillover loss, which significantly increases the sidelobe level. On the other hand, a
particular focal length but with a larger radius could cover wider angles of waves coming from the
source. The lens with a larger radius has a lower SLL compared with the lens with the same focal length

but a smaller size. As shown, the increase in the lens dimension and the focal length would increase the
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Figure 5.19. Simulated 2D gain at ¢=0 of the antenna integrated with the lens with two different

values of F.
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antenna gain to a specific level. It was shown that the lens has a saturated point where no more gain
enhancement would be acquired. The lens aperture has a maximum gain that depends on the feeders'
type and dimension in addition to its size and focal length. To find the lens aperture maximum gain and
its interaction with other types of antennas, we simulated a half-wave dipole and a horn antenna in
HFSS. Then, the same parametric analyses were performed to realize the impacts of the radius and the
focal point of the lens on the antenna performance. The same results were obtained for SLL, where
increasing the lens dimension reduces the SLL. The total gain of the antennas with and without the lens

is plotted in Figure 5.21.

As shown, without the lens, the dipole, the horn, and the patch (AWR1443Boost-Tx;) have a total gain
of 2.5 dBi, 15 dBi and 10 dBi, respectively. The results also illustrate that the lens has the maximum
gain around R= 10 1 at F=10 J integrated with all types of antennas. It is evident that the lens has a
saturated point around R=F=10 A, where no longer gain improvement was obtained. Additionally, the

results show that for the lens integrated with the horn (green curve) and the patch (red curve), around

Feed point

Figure 5.20. Geometry of the lens design, showing the effects of the focal length on the sidelobe level

(spillover loss).
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Figure 5.21. Gain variation of different types of antennas integrated with the lens versus (a) the radius

and (b) the focal length of the lens.

14 dBi gain enhancement was achieved. Besides, for the lens integrated with the dipole (blue curve),

the gain was improved by around 15.5 dBi.

Consequently, the results above clearly show that in the lens design, it is crucial to find the saturated
point of the gain and recognize the trade-off between parameters; improving one parameter may
negatively influence other features. It is worth mentioning that spillover loss depends on the radiation
pattern of the primary feeds. With the same dimension, the wider radiation pattern of the primary feed
element would have more spillover radiation loss, increasing the antenna pattern's side lobes. On the
other hand, the narrower radiation pattern of the primary feed element would create less loss and so
less sidelobe level [ 134]. Therefore, in the lens design, not only are the shape, size, and distance relative
to the feeders important, but the radiation pattern of the primary feed impacts the lens performance.
Ultimately, regarding all the simulations provided above and the trade-off between different
parameters, we realized that the best performance of the radar with a sufficient gain is a PLA hyperbola
with R=F=10 A while maintaining the low sidelobe level and the sharp beam. Additionally, the system

with R=F=10 A would be easier to fabricate and commercialize in addition to the affordable cost.

Since the AWR1443Boost radar is a wideband system, the lens should work properly across the
whole frequency band. To assess the effectiveness of the lens integrated with the AWR1443Boost
antennas over the entire frequency bands (76 GHz—81 GHz), Figure 5.22 shows the gain of
AWR1443Boost antennas integrated with and without the hyperbolic lens with R=F=10 4 (for the case
of active Tx; and Tx3). Note that the results of the Tx; and Tx; are provided as an example, while other

antennas perform similarly. To assess the frequency effects on the lens performance, we fixed other
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affecting variables on gain, such as the relative distance between the feeder and the lens apex, radius,
focal length, etc. To do so, for each feeder, the apex of the lens with R=F=10 was positioned precisely
on top of the specific antenna. The results confirm that the radar antennas with and without the lens
provide a minor gain variation over the entire frequency bands (less than 1.5 dB and less than 3 dB gain
variation without and with the lens, respectively). These results confirm that the lens inherits its primary

feed bandwidth [121].

Furthermore, to investigate the lens effects on the input reflections and mutual coupling between
transmitters, S-parameters of the primary antennas integrated with and without the lens are provided in
Figure 5.23 and Figure 5.24, respectively. Note that Si; and S3; are the magnitudes of the input
reflection coefficients at the input of Tx; and Txs, respectively. As illustrated, the input reflection
coefficients of the antenna with and without the lens bear a strong similarity. The lens has no significant
effect on the reflection coefficients since it is an off-body lens. However, the lens slightly increases the

mutual coupling over the frequency bands.
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Figure 5.22. Simulated gain variation of AWR1443Boost with and without the lens over the frequency
bands.
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Figure 5.23. Simulated magnitude of the input reflection coefficient of the AWR1443Boost radar
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Figure 5.24. Simulated magnitude of mutual coupling between Tx; and Tx3 with and without the lens

of R=F=10A.

Due to the fabrication error and instability of the dielectric constant of 3D-printed material against
filling ratio and varying temperature, sensitivity analysis should be performed to determine their effects
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on the lens performance. To analyze the impact of changing dielectric properties, the lens with the
parameters of F=R=10 A, and (X1, y1) = (-4, 0), with varying permittivity between 1.87< & <3.8 (in the
range of £%30 of the PLA permittivity), is simulated. Figure 5.25 illustrates the total gain according to
the different permittivity values. Since the gain variation is small over the whole band, the result of the
Tx, operating at =77 GHz is provided. As shown, with the smallest value of ¢= 1.87, the gain of the
lens fell to 21 dBi while it rose to more than 28 dBi with £,=3.6. The results show that varying dielectric
properties produce a gain variation of approximately 6 dB over £30 % of the PLA permittivity. As
shown, the dielectric constant of the lens affects the gain of the lens significantly. Therefore, there is a
strong need for 3D- printed material characterization to find the electrical properties of the printed
materials to assess the performance of the fabricated system. In the previous sets of simulations, the
purpose was to realize the relationship between the lens dimension and the focal length with the antenna
parameters, namely, gain and sidelobe level. Now, the purpose is to investigate the off-focal point
effects of the multiple sources. As stated above, depending on the source position and the focal length,
the lens antenna can steer the beam to specific angles. In the case of having multiple sources with
different relative distances to the center of the lens, the output waves would be directed at different

angles by switching the active element of the transmitters. To investigate how a change in a primary
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Figure 5.25. Simulated gain of AWR1443Boost integrated with the lens versus the permittivity of the

lens.
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feed position would change the direction of the beam of the antenna, R and F were set to 10 A. Figure
5.26 shows the pattern of the AWR1443Boost transmitter antennas integrated with the lens, while the
only active transmitter was the Tx;. The results show that for the case of Tx; located at (xi, y1) = 0, the

main beam direct at 6=¢=0°, as shown in equations (8) and (9), tan 9

=0 (magenta curve). In
addition, for the case of (x1, y1) = (-0.5 A,0) (blue curve), (xi, y1) = (-A, 0) (green curve) and (x1, y1) =
(-1.5 A, 0) (red curve), the main beam steered to ¢=0°, 6=3°, =0 °, 6= 5°, and ¢=0°, 6= 8°, respectively.
The same process was applied for Txs as well. Figure 5.27 shows the results of the case when the Tx3
was the only active element. The results show that for the case of Tx3 located at (x3, y3) = 0, the main
beam is directed at =¢p=0° (magenta curve). Additionally, it is shown that we could easily steer the
beam to various angles along the azimuth direction by changing the position of Txs. For instance, the
main beam occurred at ¢p=0°, 6=-11° (red curve), p=0°, 6=-5° (green curve), and ¢ =0°, 6=-3° (blue
curve) when the antenna was placed at (x3, y3)= (2 A, 0), (x3, y3)= (A, 0) and (x3, y3)= (0.5 A, 0)
respectively. As shown, displacement along the x-axis would change the direction of the main beam

along the azimuth direction while the elevation pattern is fixed and vice versa; displacement along the

y-axis would change the direction of the main beam along the elevation while the azimuth pattern
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Figure 5.26. Simulated 2D gain of AWR1443Boost integrated with the lens with an active transmitter

of Tx; located at different positions relative to the apex of the lens.
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undergoes no change. Therefore, the variation of the apex position (relative position of Txs) along the
x-axis would change the main beam of Tx; and Tx3 in azimuth direction while it has no effect on the

beam of Tx».

To compare the direction of the beam resulting from Tx, along the x-axis and y-axis with other
antennas, we located the Tx;, Tx, and Tx3 antennas at (x1, y1)= (-A, 0), (X2, y2)= (0, -A/2) and (x3, y3)=
(A, 0), respectively, where Tx; and Tx3 have relative distance with apex along the x-axis, while Tx> has
the distance along the y-axis. The elevation and azimuth patterns are provided in Figure 5.28 and Figure
5.29, respectively. As seen, the main beam of the antenna transmitting by Tx; was directed at ¢=0°,
0=5° (red curve). Additionally, transmitting with Txs, the beam steered at ¢=0°, 8=-6° (blue curve)

while the main beam was directed at ¢=-3° and 6=0° when Tx, was transmitting (green curve).

The results validate that for the beam to be steered along the azimuth and elevation direction, the
apex should be moved along the x and y-direction, respectively. All results shown above are in good
agreement with equations (8) and (9), showing the steered beam of the lens. Note that the positions of
the feeders were not very far from the apex. We simulated other types of antennas integrated with the

lens to investigate the accuracy of equations (8) and (9) in estimating the steered angle for the lens at
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Figure 5.27. Simulated 2D gain AWR1443Boost integrated with the lens with an active transmitter of

Tx3 located at different positions relative to the apex of the lens.
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various relative distances. We investigated the beam steering calculated by equations (8) and (9) in
other types of antennas with various positions. We considered the half-wave dipole and the horn (with
the same performance shown above) and the patch, AWR1443Boost-Tx;, integrated with the lens of
R=F=10 L. We changed the position of the primary feed from -10 A to 0 along the x-axis (the apex of
the lens was regarded as the origin (0,0)) and provided the simulation results in Figure 5.30. The
magenta curve is the direction of the main beam calculated by (8), while the green, blue and red curves
are the angle of the main beam of the horn, the dipole and the patch antennas integrated with the lens,
respectively. As seen, the direction of the main beams is very close to the results calculated by (8) when
the feeders are located close to the apex of the lens. However, for the larger relative distance, the angle
of the main beams of the antennas is slightly different from the estimated angles. The maximum
difference between the estimated direction by (8) and the main beam of the patch, the horn and the
dipole are about 2.5°, 5.5° and 6°, respectively. The reasons for these differences (although very small)

are the dimensions of the feeders that are not a point source, while the lens design is based on the
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Figure 5.28. Simulated 2D gain of AWR1443Boost integrated with the lens at ¢=90°, transmitting with
Txi, Tx> and Tx; separately.
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Figure 5.30. Simulated 2D gain of different types of antennas at various relative distances to the apex

of the lens.

assumption of the point source. Moreover, the beamwidth of the feeder also plays a crucial role; the

antenna with a wider beamwidth would result in more accurate results.
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5.2.2.3.2 3D-Printed Sample Characterization

This subsection describes the method carried out for material characterization. The 3D-manufactured
lens sample was characterized in the mm-wave range 60 GHz — 67 GHz using the open-ended coaxial
probe DAK1.2E-TL [142]. This is done to approximate the electromagnetic behaviour of the lens
material when integrating it with the mm-wave radar in HFSS simulations. The measurement setup
connects one port of the Keysight Technologies VNA N5227A to the DAK-TL using a coaxial cable,
VNA (Vector Network Analyzers) to PC using Ethernet/L AN cable and DAK to PC using a USB cable
[142]. To characterize a solid sample in this system, a 50 Q coaxial probe is pressed against the sample
in the sample platform, as shown in Figure 5.31. The dielectric properties (¢’ and tané) are calculated
from the measured reflection coefficient S;i, calibrated sample thickness, probe diameter, and bead
permittivity. The Keysight VNA settings are set to 0 dBm source power with 100 Hz IF Bandwidth in

the system interface.

The force is tuned around 500 N with 3 VNA traces for the averaging reset. Before starting the
measurements, the testing fixture was calibrated in the desired frequency range of 60 GHz — 67 GHz at
200 MHz resolution using the standard Open-Short-Load method. The thickness is used as a reference
load material at 20° C. Thickness calibration is also performed using the zeroing tool, where a gauge
block of the thickness nearest to the 3D-printed sample thickness (~8 mm) was used. Next, the dielectric
measurements are performed, where the 3D-printed sample is tested ten times to verify the repeatability
of the dielectric measurements. The Eccostock disc (€’ = 2.538, tand = 0.0005) of about 8§ mm average
of the extracted €’ and tand for all trials are plotted in Figure 5.32 (a) and (b), respectively. These plots
show that the dielectric constant changes slightly from 2.63 to 2.68 over the 7 GHz measured
bandwidth. Smooth fluctuations are also observed in the loss tangent between 0.011 and 0.016. With
=67 GHz set as the upper-frequency limit/bound for this characterizing fixture, the dielectric constant
and loss tangent for the tested lens sample is approximated around 2.68 and 0.019, respectively. This
would allow us to approximate the EM behaviour of the lens in the numerical simulations when

operating in the higher mm-wave range of 77 GHz — 81 GHz of the radar system.

Although the estimated values might not be accurate, this would allow us to approximate the
Electromagnetics behaviour of the lens in the numerical simulations when operating in the higher mm-

wave range of 77 GHz — 81 GHz of the radar system.
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Figure 5.31. Photo of the measurement setup for characterizing the lens sample using the open-ended

coaxial probe.
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Figure 5.32. Extracted electrical properties (a) dielectric constant and (b) loss tangent for the lens

sample in the mm-wave range.

5.2.2.4 In-Package Integrated Lens Design

In the previous subsections, the purpose was to find the optimum lens parameters and analyze the trade-
off between them. However, the main contribution of our antenna design is its entire implementation,
including the choice of the type of lens and its inclusion as part of the package design. In previous

works [135], [136], only the lens antenna was analyzed without considering the proper packaging.
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However, in this work, an in-package hyperbola-based lens antenna with the optimum parameters
mentioned above (F=R=10 A) is designed. The schematic of the in-package dielectric hyperbola-based
lens antenna integrated with the AWR1443Boost radar is shown in Figure 5.33. It should be noted that
previous works on dielectric lens designs were mainly focused on a single transmitter and a single
receiver. However, as shown, our proposed in-package lens covers all transmitters and receivers, thus

designed for a MIMO system.

The final component of the design is the radar/lens cover, which encapsulates the AWR1443Boost PCB
and serves as a mounting point for the hyperbola-based lens. A cross-view of the 3D model of the
designed system in SolidWorks is shown in Figure 5.34 (a), and the whole system is provided in Figure
5.34 (b). As shown, the mount and base are designed to fit any TI data collection adapter (DCA 1000
EVM board [84]). It is used to capture raw data (IQ samples from the receivers) and to transfer it over
the Ethernet interface to a PC. The base consists of a plate with a flat bottom that can be mounted to
any flat surface, as well as flaps at each corner that can be drilled to mount screws. The DCA cover is
an enclosure designed for the DCA 1000 board. The cover is needed to prevent electrostatic damage to
the board. A grove is implemented in the DCA enclosure lid to ensure that the radar/lens cover—and,
in turn, the lens itself—is always correctly positioned above the AWR1443Boost antennas. The
radar/lens cover is designed to fit over all components as closely as possible to avoid unnecessarily
increasing the size of the radar. Similarly, the walls are kept relatively thin (at a thickness of 2 mm) to
reduce the weight and cost of the cover as well as to minimize any interference it might cause.

R

Dielectric Lens Antenna

AWR1443 Radar Antennas

Figure 5.33. Geometry of the in-package lens antenna integrated with the AWR1443Boost radar.
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(a) (b)

Figure 5.34. 3D model of the designed system in SolidWorks with the radar/lens cover: (a) cross-view

showing the encapsulated lens and (b) the whole system.

To show the impact of the radar/lens cover on lens performance, we simulate the AWR1443Boost
radar integrated with the lens with and without the cover in HFSS using the optimum lens parameters
in addition to the measured electrical properties of the printed lens sample. Figure 5.35 (a) shows the
2D radiation pattern of the AWR1443Boost radar at ¢=0° without the lens (the red curve), with the lens
but without the cover (the blue curve) and with the radar/lens cover (the red curve). Figure 5.35 (b)
shows the 2D gain radiation pattern of the radar at ¢=90° without the lens (the red curve), without the
cover (blue curve), and with the cover at =90° (red curve), respectively. As seen, the cover does not
impact the functioning of the radar but improves the aesthetics of the radar system package. It also
enables the lens to be held in place with minimal mechanical interference and protects the

AWR1443Boost PCB and the lens from damage. Therefore, with the designed cover, ease-of-
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Figure 5.35. Simulated 2D gain of AWR1443Boost antenna integrated with the lens with and without
the radar/lens cover at (a) =0° and (b) =90°.
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packaging and ease-of-fabrication features of the in-package integrated hyperbola-based lens antenna

are clearly shown.

Since the proposed in-package lens antenna covers all antennas, it also affects the radiation patterns
of receivers. However, the design steps of a hyperbolic lens explained in (1) - (7) are based on a single-
point source placed at the center of the lens. Each antenna has a different distance to the center of the
lens; thus, the radiation pattern of each of them will be different, and, in turn, the radiation pattern of a
transmitter and the corresponding receiver are not identical and fully overlapped. Figure 5.36 shows
the 3D gain radiation patterns of the radar integrated with the lens. Figure 5.36 (a), (b), and (c) show
the results of the case when the Txi, Tx,, and Tx3; antennas are the only active element, respectively.
As shown, the maximum beam is directed at ¢=2° and 6=0° with the gain of 21.2 dBi with the active

Txi. The active Tx» antenna results in a gain of 18.19 dBi steered to ¢=-3° and 6=-4°.

The main beam of the active Tx3; antenna is steered to ¢=2° and 6=-11° with a gain of 17.3 dBi. As
illustrated, the transmitter with a further relative distance to the lens apex provides lower gain. The gain
of the transmitter depends on the relative distance of the antenna to the lens center. The results confirm
that a transmitter at the center of the lens provides the best performance. Moreover, Figure 5.36 (d)(g)
show the 3D gain radiation pattern of the AWR1443Boost receiver antennas integrated with the lens.
Based on the lens position above the radar, Rx4, Rx3, Rx», and Rx; antennas are placed at (-A, 0), (-1.5
A, 0), (-2 A, 0), and (-2.5 A, 0) in the x-y plane, respectively. Figure 5.36 (d) is the radiation pattern when
Rx4 is the active element providing the gain of 22.6 dBi steered to ¢=2° and 6=6°. Additionally, Figure
5.36 (¢), (f), and (g) are the radiation patterns of the system transmitting by Rx3, Rx4, and Rx; with the
gain of 22.3 dBi, 22.2 dBi, and 21.8 dBi steered to =2° and 6=8°, ¢=2° and 06=11°, and ¢=4° and
0=13°, respectively. As seen, the gain variation between each receiver element is very small because

the inter-element spacing between receivers is comparatively small (A/2).

As noticed, the relative distance between the feeders and the lens apex impacts the gain and radiation
pattern of the antenna. Depending on the application and need, the proper position of the lens apex on
top of the feeders could be optimized. As the main application of our lens design is for gait monitoring
in a long hallway, it is desired to create the main beam steered around ¢= 6=0°. Therefore, we selected
these parameters for the lens position above the radar antennas: (x1, y1) = (0, 0), (x2, y2) = (A, - M/2) and

(X3, Y3) = (2 }\., 0).
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Figure 5.36. Simulated 3D gain radiation pattern of the AWR1443Boost antennas integrated with the

lens with the measured electrical properties (a) Txi, (b) Tx», (¢) Txs, (d) Rx4, (€) Rxs, (f) Rx2, (g) Rxi.

5.2.2.5 Measurement Method of Radiation Pattern of Radar Received Power

In a radar system, not only is the radiation pattern of each transmitter and receiver important, but the
pattern of radar received power is a key parameter to be analyzed. This is because the primary purpose
of a radar system is detection depending on the received power of reflected signals from a target. In
this section, we show how the radar received power could be measured and how the measurements

could be compared with the simulation results. To realize the pattern of the power of the radar-received
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signals reflected from a target to the radar receiver, we first formulated the radar-received power. The
fundamental relation between the characteristics of a radar, a target, and received signals is called the
radar equation [66]. The geometry of scattering from a scatterer (a corner reflector in our test) in our
radar is shown in Figure 5.37. When a signal with the power Prxy is sent by a transmitter Txnx with a
gain of Grxu, it hits the scatterer at a range of r, and a part of the transmitted signals reflects back to all

receivers. At the receiver, Rxwm, the intensity of the received signal is calculated as

P .G .G A

— TXN “TXN —RXN (10)

e (47[)3 rt

where o is the target radar cross section (RCS), and Grxy is the gain of the receiver antenna Rxwm.

We proposed and designed a measurement setup to measure the power of radar-received signals, as
shown in Figure 5.37. Regarding the proposed measurement setup, Prxn, o, A, and r are kept constant
at all angles in (10). Hence, Grxn and Grxn are two varying parameters in the power of the radar-

received signals.

Corner Reflector

RX1 RX2 RX3 RX4 X1 X2 X3

Figure 5.37. Geometry of the radar antennas emitting a corner reflector by one transmitter while
receiving the reflected signals by all four receivers. In this case, the Tx; antenna is transmitting while

all four Rxs are collecting reflected signals simultaneously.
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Then, the received power could be calculated as

2
_KG. G = Tt (11)

TXN ~ RXN’ - A
(47[) r

K is constant at all angles. Therefore, the pattern of the power of the radar received signals is the

RXM

multiplication of the gain radiation pattern of the transmitter antenna by the corresponding radiation

pattern of the receiver antenna.

In order to compare the measured results using our proposed method (Figure 5.37) with the simulated
results, the radar transmitter and receiver radiation patterns are simulated separately. Then, the result
of the multiplication of the two simulation results is the radiation pattern of the power of the radar-

received signals.

5.2.2.6 Experimental Results

To evaluate the system performance, we fabricated and printed the in-package hyperbola-based lens
antenna (Figure 5.34). The fabricated system is shown in Figure 5.38. The lens is inexpensive to
manufacture that has a volume of 37 cm3, which takes 47g of PLA filament to print. PLA costs roughly
0.03 CAD/gram on Amazon.ca. Therefore, the total cost works out to approximately $1.41 CAD
(around $1 USD). Two types of measurements are performed. As the first type, the pattern of the radar-
received power is measured according to the proposed measurement method (Figure 5.37). Moreover,
as the second type of measurement, the system performance in multipath mitigation in hallway gait
monitoring is evaluated. The amplitude of the received signals collected by the receivers while
transmitted by the transmitters is measured for each test. Since the AWR1443Boost is an FMCW radar,
FFT is applied to each received signal, thus providing the range information of the scatterer with the

corresponding signal intensity [73].

5.2.2.6.1 Pattern of Radar Received Power

To measure the pattern of the radar received power, we designed a measurement method, as shown in
Figure 5.37. As shown, to compare the performance of the radar integrated with the lens, each test is
carried out by the radar integrated with and without the lens. The target for all tests is a corner reflector
fabricated from stainless steel. It is designed with a side length of 6 cm, as this dimension gives an RCS
of approximately 0.025. This RCS is roughly the average range for a human being at f= 77 GHz, making

these corner reflectors a reasonable substitute [143]. The corner reflector is placed at all angles (from
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0° to 180° with 5° accuracy) to reflect the transmitted signals to receivers, and then all RXs record
reflected signals. For the first set of measurements, we collected received signals from the reflector at
different angles from the AWR1443Boost receivers without the lens. We activated each of the three
transmitters separately while all receivers were collecting reflected signals. Then, the amplitude of the

result of the FFT, performed on the received signals at a range of /=1 m, is stored at all angles.

In order to validate our proposed measurement setup, simulated and measured normalized patterns of
the received signals transmitted by the Tx; while received by all four receivers are provided Figure
5.39. As shown, the pattern of the received signals without the lens is very wide due to the wide
beamwidth of the radar antennas. Figure 5.39 also shows that simulated and measured results are very
close, validating our proposed measurement method. The same procedure is used for the case of the
active Tx,, Tx3 showing the same results. The results show good agreement between measured and
simulated patterns. The same procedure is used to analyze and examine the lens performance integrated
with the radar system. In a similar vein to the previous tests, the corner reflector is placed at a range of

=1 m and moved along all angles in our measurement setups.

All receivers actively recorded signals reflected from the scatterer emitted by one active transmitter.

Figure 5.40 shows the simulated and measured normalized pattern of the received power of the Rx;

AWR1443 Corner Reflector

without the Lens k \

~ OF

WATERLOO

AWR1443 Integrated
with the Lens

Figure 5.38. Radar receiver power measurement setup. Tests were performed with the radar integrated

with and without the lens at all angles from 0° to 180° with 5° accuracy.
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while the Tx; is transmitting without and with the lens. As seen, the measured patterns align with the
simulated patterns. The results show that the lens effectively sharpens the beam of the received power
compared to the results obtained without the lens. The multiplication of the two patterns is sharp and

directed at 0° relative to the radar.

To show the effect of the nonoverlapping pattern of the transmit and the receiver antennas on the
pattern of the received power, the received power of all four receivers integrated with and without the
lens is provided in Figure 5.41 while transmitted by the Tx;. As observed, the received power from the
radar integrated with the lens is sharper and more intensive (more than 14 dB gain improvement).
Although the main beam of the transmitter and the receiver antenna integrated with the lens is steered
in a different direction, the results of the multiplication of patterns are steered to 0°. These results show
that the pattern of received power of the collocated transmitters and receivers in a MIMO system
depends on the multiplication of the pattern of transmitter and receiver antennas. To show the lens
effect on the other transmitters, Figure 5.42 and Figure 5.43 illustrate the simulated and measured
patterns of the received power of Rx; transmitted by the Tx, and Tx3, respectively. It should be noted
that, as shown in Figure 5.41, the patterns of the received signals from other receiver antennas are

similar to Rx;.
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Therefore, in Figure 5.42 and Figure 5.43, we provide the results from Rx; for all transmitters. Note
that the Rx; is located at the farthest relative distance from the lens apex. Patterns of the worst-case
scenarios are plotted in Figure 5.40, Figure 5.42, and Figure 5.43. The results of gain improvement of
other pairs of transmitters and receivers are summarized in Table 5.4. Regarding the results of the gain
improvement of the lens in Table 5.4, it is seen that the maximum gain improvement is obtained with
the signals transmitted by Tx; and received by Rxs. This is because both the Tx; and the Rx4 have the
minimum relative distance to the lens apex. As mentioned above, the source located at the lens center
performs better in terms of collimating the beam and improving gain. Consequently, the results confirm
that the lens's effectiveness in gain improvement of received power depends on the relative position of
both the transmitter and the receiver. Table 5.4 shows that the minimum gain improvement is 7.2721

dB, while the maximum enhancement is 14.8053 dB.
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Figure 5.42. Simulated and measured patterns of the radar received power by radar receiver Rx

transmitted by Tx, integrated with and without the lens.
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Figure 5.43. Simulated and measured patterns of the radar received power by radar receiver Rx;

transmitted by Txs with and without the lens.

It should be noted that, as shown in Figure 5.39-Figure 5.43, the sidelobe levels in all cases are lower
than 20 dB, which is sufficient for radar detection. As will be shown in the next subsubsection,
particularly for our hallway gait monitoring application, the system is sufficiently sharp, and the

sidelobe level is comparatively low so that the walking subject can be monitored accurately.

Table 5.4. Measurement and simulation results of gain improvement of the radar received power.

Rx1 Rx2 Rx3 Rx4
Gain Meas (dB) | Sim (dB) | Meas (dB) | Sim (dB) | Meas (dB) | Sim (dB) | Meas (dB) | Sim (dB)
Improvement
Tx1 12.18 13.63 12.80 14.29 13.87 15.92 14.80 16.76
Txa 7.27 11.93 9.63 12.59 10.47 13.22 11.70 14.05
Txs 7.27 7.76 9.18 8.42 9.19 10.05 10.27 12.88

5.2.2.6.2 Hallway Walking Test Using the In-Package Lens

To show the effectiveness of our proposed radar system paired with our gait extraction algorithm
(Figure 4.5), we evaluated system performance in a hallway filled with metal cabinets, as shown in

Figure 5.44, which is a challenging scenario as the metal cabinets cause a strong reflection that causes
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significant multipath effects. We also considered this setup to be one of the “worst case” scenarios
where gait would plausibly be monitored (i.e., a hospital hallway). Gait cycle parameters were extracted
by asking four volunteers to walk back and forth three times by following marked steps (420 cm with
six steps, each step is 70 cm for each lap). Same as previous tests, reference values were extracted using
a stopwatch and asking volunteers to follow a traced line that had marks the volunteers were asked to
step on. To demonstrate radar sensor performance in hallway gait monitoring, we first examined radar

results without the lens.

The range of the walking subject at frame #150 is provided in Figure 5.45 to show and compare
results. Figure 5.45 (a) shows the range of the subject using the AWR1443Boost without the lens. Note
that frame #150 helps to illustrate the detail in this work while the same results could be obtained in
other frames. As shown in Figure 5.45, the amplitude of the multipath reflection is more than the
amplitude of the subject’s position (the green circle). Additionally, various multipath reflections can
clearly be seen at various range bins (shown by the red circle). However, Figure 5.45 (b) shows that the
lens effectively mitigates the multipath reflections. As a result, the range bin of the subject’s torso
position (the green circle) corresponds to the maximum amplitude representing the subject’s position.

Hence, instead of implementing a potentially time-consuming and computationally expensive signal

AWR1443 Integrated
with the Lens

Figure 5.44. Experimental setup for hallway gait assessment using the in-package lens.
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processing technique to remove the multipath effects (Figure 5.1), we could obtain a reliable hallway
gait extraction system by using the proposed in-package system and isolating the torso’s range bin.
Therefore, unlike Figure 5.1, where the Capon beamformer, 2D-CFAR, DBSCAN clustering and an
association and tracking algorithm were proposed to obtain the range of the subject and remove the
ghosting effects, the range of the walking subject can be approximated by taking the maximum value
in the range bins. Therefore, only one transmitter and one receiver are sufficient for single-person
hallway gait monitoring using our in-package lens without the need to generate the 2D heatmap of the
environment. Our proposed method in Figure 4.5 could then be applied to the received signals of

walking cycles to extract gait spatiotemporal parameters.

As shown summarized in Table 5.5, the average total number of steps of the whole walking process
is N=57 without using the in-package lens, while the actual step count was 36. Moreover, the average
walking speed and step length are 2.1 m/s and 90.3 cm, respectively, whereas the true value obtained
by using a stopwatch is 0.867 m/s. However, using the system integrated with the lens, an average
walking speed of v= 0.831m/s was obtained (true value = 0.867 m/s). The total calculated number of
steps is N=36, which is exactly equal to the actual value. The average error of extracted parameters of

the four participants is provided in Table 5.5.

In this work, we addressed the challenges of gait assessment in a cluttered environment, such as a
hallway lined with metal cabinets. To overcome the multipath effects, we proposed an easy and low-
cost method of radar antenna modification to focus the field of view of a commercially available radar
board. Our results suggest that using our add-on hyperbola-based dielectric lens antenna and

implementing our gait extraction algorithm, a stand-alone gait assessment system could be developed
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Figure 5.45. Range of a walking subject at frame #150 (a) without the lens (b) with the lens.
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Table 5.5. Extracted gait values in a hallway with/without the lens.

Speed (m/s) Step Count Step Length (cm)
True Value 0.86 36 70.0
W/O the lens 2.10 57 90.3
W/ the lens 0.83 36 68.6
Average error for four
participants W/ the 0.013 -1.25 -2.33
lens

using any FMCW radar. Our in-package lens antenna design should support relatively easy
implementation with commercially available radars. Since the system is portable, easy-to-use, and low-
cost, it could be installed in a variety of living environments, including long-term care, hospitals, or
individuals’ homes for the day-to-day gait of natural gait assessment in a way that requires no effort on

the part of the people being monitored.

5.2.3 Summary of Proposed Single-Person Hallway Gait Monitoring Methods

The results provided in Sections 5.2.1.4 and 5.2.2.6.2 indicate that the in-package lens could effectively
reduce reflections from walls and produce gait values comparable to those obtained using the proposed
novel algorithm. Both methods demonstrated sufficient accuracy for detecting meaningful changes in
gait over time (although more participants should be included in the study in more dynamic
environments). The modified radar system with the add-on lens antenna was able to extract gait values
using fast and easy-to-implement gait extraction algorithms (Figure 4.5). Thus, one of the main
superiorities of the radar antenna modification method is that the processing chain could be
implemented in a radar DSP or a Raspberry Pi as a stand-alone hallway gait monitoring system without
a need for an extra powerful desktop or a laptop system. Notably, due to the computationally complex
and time-consuming processes, the association and tracking method in Figure 5.1 might require an extra
powerful system for processing. Moreover, the modified radar system uses only one transmitter and
one receiver antenna, whereas the signal processing method requires multiple transmitters and receivers

to provide a range-azimuth heatmap of the environment.

One of the significant advantages of the proposed signal processing method is that it could be paired
with any radar type capable of generating range-azimuth heatmaps. However, the add-on lens was
designed for the specific AWR1443 radar operating at 79 GHz [83]. Therefore, we must repeat the

simulations, measurements and fabrication processes separately for the add-on hyperbolic lens method
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for any new radar sensor. Although the same guideline could be followed to obtain the optimum lens
parameters, the design procedure depends on the antenna type, the number of antennas, radiation
patterns, frequency of operation, etc. Price-wise, the system modification method might be less
expensive for implementation as it could be deployed as a stand-alone system. In contrast, the signal
processing method requires a more powerful system. On the other hand, the modification system
requires extra work in the design and fabrication process that is time-consuming and requires some
sophisticated devices, such as a VNA, a 3D printer, etc., before being implemented in real-life
applications. Hence, depending on the available resources, costs, and needs, one of these methods
would be useful for single-person hallway gait monitoring. Moreover, the side lobes in the lens antenna
can cause reflections and diffraction of the radar signal. This can affect the accuracy of the radar signal,
particularly in long hallways. To address this issue, we still need to implement an algorithm that
accounts for multipath propagation and extracts useful information from the radar signal. This allowed

us to achieve accurate results in our experiments despite the presence of side lobes in the antenna.

The proposed hallway gait monitoring methods were able to track only one single walking subject.
In the following section, a multiple-people gait monitoring method will be outlined. Since the radar

used for this thesis is a MIMO sensor, it could be suitable for multiple people scenarios.
5.3 Multiple-People Hallway Gait Monitoring

5.3.1 Relevance

As stated in Section 3.4.5, Section 3.5, and Chapter 4, gait analysis applications have so far targeted
only gait monitoring under ideal conditions, that is, on a single subject who is relatively walking in a
straight line. However, the possibility of the coexistence of multiple walking subjects is high, especially
in long-term care facilities where older adults might need assistance during walking. GaitRite and
wearables are not able to assess multiple people’s gait at the same time using only one device. In this
section, a novel radar-based algorithm is proposed to extract walking speed of multiple subjects. In
previous chapters, a few participants were involved in evaluating the proposed method, however, in
this section, the proposed multiple-people gait monitoring is assessed with 22 participants. In this
section, we report walking tests performed by participants who participated in a study to identify how

bedrest (BR) gives rise to physical deconditioning.
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5.3.2 Bedrest Study

Physical activity is an important lifestyle habit needed to achieve healthy aging, as it promotes
autonomy and enhances the quality of life. Conversely, periods of severe inactivity, such as during
bedrest (BR) for illnesses or hospitalization, induce dramatic changes to the human body that are often
similar in magnitude to those seen over decades of normal aging. Bedrest in otherwise healthy older
individuals can lead to a reduction of muscle size and strength, changes in bone strength and function
of the heart and blood vessels [144]-[147]. Bedrest can also affect balance, as well as how people
process and understand information. All these factors combine to negatively impact the performance
of daily living activities, leading to physical function impairment and the development of frailty, a

clinical condition associated with an increased risk of disease and death [148].

Six-degree head-down bedrest (HDBR) has been widely used as an experimental model useful for
the examination of the rapid physiological deconditioning that occurs during prolonged hospitalization
and inactivity [149], [150]. Walking speed is a clear predictor of adverse health-related events [2],
[151], and was reported to be slower following BR [150], [152]-[154]. Although these performance
measures may not be sensitive enough to detect changes in small groups of volunteers following very
short durations of BR, significant changes were identified after 10 days. They were consistent with
studies in bed-ridden hospitalized older adults demonstrating a clear negative relationship between the
duration of BR and functional capacity [150], [152]—[154]. In this study, we report the negative impact
of 14-day HDBR on older adults’ walking speed. The purpose of this study is to identify how bedrest
gives rise to physical deconditioning. The report provided in this section is the results of walking tests
of a first-of-its-kind study conducted in Canada, i.e., Microgravity Research Analogue (MRA):
Understanding the Health Impact of Inactivity for the Benefit of older adults and Astronauts’ Initiative.

5.3.2.1 Participant Characteristics

Twenty-two healthy 55-65-year-old adults (11 women; age: 5943 years; mass: 70.1+14.2 kg; height:
1.67+0.09 m) participated in the 14-day BR study. All participants included in the study self-reported
regularly performing at least 2.5 hours of moderate-to-vigorous physical activity each week, and all
female participants were post-menopausal. Half of the participants were inactive for the 14 days of BR,

while the other half completed three exercise sessions per day.
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5.3.2.2 Description of the Research Procedures

This research study was conducted at the Center for Innovative Medicine (CIM) within the McGill

University Health Centre Research Institute (RI-MUHC). Data collection for this research project lasted

around six months (July 2021-January 2022) that included four visits:

Visit 1: 1 full-day screening visit,

Visit 2: 26-day long visit during which participants reside at the CIM,

Visit 3: 1 full-day follow-up visit after four weeks of Visit 2, and

Visit 4: 1 full-day follow-up visit after four months of Visit 2.

The 26-day visit (visit 2) during which participants reside at the CIM is composed of three periods:

5 days of adaptation period: During this period, participants underwent various measurements. This
work reports the results of walking tests done in 5 days of the adaptation period called baseline (the

term “PRE” is being used to show the walking speed).

14 days of BR period: During this period, participants spent 24 hours per day in bed. Additionally,
the bed was set in a 6° head-down tilt position, and participants were not able to elevate their heads
above their shoulders. All activities such as eating, reading, watching TV and all personal hygienic
procedures, including showering, teeth brushing, shaving etc., took place in bed for the duration of

this period.

7 days of recovery period: During this period, participants were able to stand up and walk and do
all their activities like during the 5-day adaptation period. Throughout this week, participants had
regular physiotherapy and exercise sessions to recover from the bedrest period. They also
underwent various measurements, including two walking tests called Recovery 1 and Recovery 3

for day 1 and day 3 after BR (shown as R+1 and R+3), respectively.

Walking tests were also done in Visit 3, called Recovery +4 weeks (shown as R+4wk).

5.3.2.3 Study Intervention

Participants were randomly assigned to one of the following groups (although it was balanced for the

sex, this process is done randomly):
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e Exercise Intervention (EX): The exercise intervention was carried out only during the 14-day BR

period. All exercises were adjusted to be performed in bed.

e Control (CONT): Participants assigned to the control group underwent daily stretching and

passive physiotherapy, as well as massages throughout the bedrest period.

5.3.2.4 Study Tests and Procedures

Since this thesis covers only the results of walking tests of the entire BR study, other tests done within
the CIM would not be reported. Participants were instructed to walk as quickly as possible while
maintaining safety, without running, and to complete four walks across a 14-meter hallway. The
experimental setup was similar to what is pictured in Figure 5.2. Participants walked toward the radar,
which started ~15.5m away from the radar. The time to perform this test was recorded by a research
assistant walking beside the participant using a stopwatch to be compared against radar results. The
research assistant walked beside participants to ensure their safety because they might be vulnerable
after BR. Figure 5.46 (a) shows the experimental setup for this study, while Figure 5.46 (b) shows the
corresponding detected clusters by DBSCAN. As shown, due to several detected ghost clusters in
addition to the subjects' clusters, an algorithm to analyze multiple-people gait monitoring in a hallway

is required for this setup.
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Figure 5.46. Multiple-people hallway walking tests (a) a snapshot of the video in the middle of walking

and (b) corresponding detected subjects’ clusters and ghosts.
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5.3.3 Proposed Multiple-People Gait Monitoring Algorithm

A block diagram of the proposed algorithm for multiple-people gait monitoring is illustrated in Figure
5.47. As stated in the previous chapters, after performing the stationary clutter removal algorithm, the
remaining signals are direct signals from subjects and their multipath effects (i.e., time-varying clutter
or ghosts) [3]. The multipath issue is more significant when there is more than one subject while people
are moving around in a space occupied by reflective objects. A novel algorithm called Subjects Tracker
and Association (STA) was proposed to track subjects walking in the hallway and remove ghosts. The
STA algorithm is a novel approach to tracking subjects based on the spatial information of clusters
rather than relying solely on velocity information. This is important because traditional tracking
methods that depend on the velocity of the subject often result in inaccurate outcomes due to the
dependency of the velocity on the relative angles between the subject and the radar, particularly when

multiple subjects are walking in close proximity. The primary objective of the STA algorithm is to find
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Figure 5.47. Proposed algorithm for multiple-people gait monitoring.
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the position of subjects and extract walking speed information accurately. The algorithm operates under

three premises:

e FEach target cluster (representing a subject) in a new frame is closest to its previous frame's cluster,

while ghost or other target clusters will be farther away due to the delay in electromagnetic waves.

e The distance between the target cluster in two consecutive frames should not exceed a defined
threshold, which is set based on the maximum expected walking speed of a person (Vi =4 m/s in

this work).

o  Ghost clusters are not consistent throughout the entire frame and do not have the largest number of

sub-clusters, even though they may appear consistently at several consecutive frames.

By utilizing these three principles, the STA algorithm aims to provide a more accurate and robust
tracking method for subjects in real-world scenarios. The outcomes of each part of the diagram outlined

in Figure 5.47 are presented to provide a detailed understanding of the algorithm.

As illustrated in Figure 5.47, after removing stationary clutter, similar to previous chapters, the
Capon beamformer algorithm is applied to create a range-azimuth heatmap representing the density of
reflected signals in the environment. Figure 5.48 (a) shows an example of a range-azimuth heatmap of
the environment when two subjects just started to walk across the hallway. A screenshot of the video

corresponding to frame #1 is provided in Figure 5.48 (b).
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Figure 5.48. Representation of two walking subjects in a walking environment (a) range-azimuth
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heatmap of frame #1 obtained by the Capon beamformer, and (b) a snapshot of the video at the

beginning of walking tests at frame #1.
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The unsupervised machine learning algorithm (DBSCAN) is applied to cluster the output of 2D-
CFAR (detect points) to find the exact positions of walking subjects over time (to track multiple
subjects) and remove ghosts. Similar to Section 5.2, since sufficient information about the number of
ghosting clusters was not known, the DBSCAN clustering algorithm was implemented to group the
detected points after performing 2D-CFAR. Based on the performance of the different variables set for
the DBSCAN parameters, epsilon neighbourhood, €=2, and min_points=8 were selected as optimized
values. Figure 5.49 (a) shows the detected points after performing 2D-CFAR. Subjects’ direct signals
are shown in a green rectangle, while other ghosts' points are in red. Figure 5.49 (b) illustrates that the
clusters were grouped into four after performing the DBSCAN. Even after examining a range of values
to find the optimum values for the DBSCAN variables, the DBSCAN algorithm was unable to reliably
group the detected points of multiple subjects walking at a very close distance into separate classes.
The results were not satisfactory, as illustrated in Figure 5.49 (b), where both subjects were clustered
in one group (shown in purple). This is a particularly challenging scenario when subjects are walking

at a very close distance, defined as a case where they are almost at the same range and azimuth.

As outlined in Figure 5.47, a 1D Azimuth Clustering Algorithm (1D ACA) is proposed to address
these limitations and to provide a more effective solution for grouping the close subjects into separate
clusters. The algorithm starts by taking the output from DBSCAN, which is an identified cluster, and
further divides it into multiple clusters. The division of the cluster is based on the detected points in the

azimuth, and the grouping is performed if the epsilon neighbourhood of the detected points (e=10)
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Figure 5.49. Representation of two walking subjects in the hallway environment (a) detected points

by CFAR in frame #1 (b) clusters obtained by DBSCAN in frame #1
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contains more than a minimum number of neighbours in azimuth (min_points= 10). The algorithm
considers any detected points that do not satisfy the clustering algorithm's conditions as noise points or
"No-Cluster", which are outliers that do not belong to any cluster. This 1D ACA algorithm helps to
effectively separate close subjects into distinct clusters, making it easier to analyze and process their
gait information. A number of clusters are generated at each frame containing subjects’ and ghosts’
clusters. To show the outcome of the proposed 1D ACA, the detected cluster of frame #1 after
performing the 1D ACA is provided in Figure 5.50 (a). As shown, in addition to three ghost clusters
that existed, four additional clusters were identified (Cluster 4 to Cluster 7). These clusters are
associated with the two close subjects in frame #1. The advanced STA algorithm is then required to

track the objects over time and accurately obtain the subjects' positions over time.

As shown in Figure 5.47, the STA algorithm takes the output of the 1D ACA as input. The STA
algorithm manages the identified clusters and organizes them into separate categories. The STA
algorithm performs several tasks, including initialization of the detected clusters, confirming their
existence, correcting any errors in classification, categorizing the clusters into different classes, and
deleting any unnecessary clusters. Each detection is assigned to a specific class. If the detection cannot
be assigned to an existing class, the STA algorithm creates a new class for it. This process helps keep

track of each subject and organize the detected points into meaningful groups.
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Figure 5.50. Representation of two walking subjects in a walking environment (a) seven detected
clusters after performing the proposed 1D-Azimuth clustering in frame #1 (b) associated seven parents

to the seven detected clusters in frame #1.

103



To initialize the process, as shown in Figure 5.51 (a), the STA algorithm divides all m number of
detected clusters into m number of classes at frame #1. All these clusters are the parent of their class,
P, In the next frame, for every newly identified cluster, the Euclidean distance matrix between this
cluster and P,, of all classes is calculated and sorted. As detailed in Figure 5.51 (a), a new cluster will
be associated with a previous class if their calculated Euclidean has the minimum values among other
sorted distances, which should also be less than the defined threshold (based on the maximum defined
Vmax). For the next frames, each newly added sub-cluster to a class #m is considered P,, of that class,
and other old clusters are children of class #m. As detailed in Figure 5.51 (b), if a new cluster does not

satisfy these conditions to be categorized to a previous class, it will be a parent of a new class.
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Figure 5.51. Details of the proposed STA algorithm (a) the procedure of allocating a new cluster that
meets the criteria to previous classes and (b) the procedure of creating a new class for a new cluster that

does not meet the condition to be allocated to the previous classes.
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This process is iterated through the entire frame. In total, m number of classes with N, number of
children/sub-clusters is created. Figure 5.52 shows all detected clusters throughout the entire walking
laps. Two classes with the largest number of children are selected as walking subjects’ clusters (target
classes). Target classes are constructed with the size of a total number of entire frames. Target classes
might have several empty or missed sub-clusters. The algorithm searches in other old classes and checks
if any of its children is miscategorized in another class to fill in the missed children. This is done based
on the estimated range-azimuth values of the corresponding sub-cluster and the expected speed. If any
sub-cluster in other old classes satisfies its conditions, then the detected child from old classes will be
identified as a child of the missed frame of the target class. Otherwise, it will remain as a missed child
in the target cluster. The missed child is because a subject’s reflection is not detected in some frames
or concealed under other stronger signals, such as ghosts or direct signals from another walking subject;
a subject being tracked might not appear in every single frame. Finally, the target classes, including N,
number of children, represent all points detected from two walking subjects. Based on the detected

points over the entire frames (N number of frames) and the corresponding time, a trajectory of subjects
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Figure 5.52. All detected clusters throughout the entire walking lap.
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Figure 5.53. Subjects’ clusters detected by the proposed STA algorithm.

is acquired (range and azimuth). Figure 5.53 shows the detected clusters of the two subjects walking
in the hallway. The movement trajectory is analyzed with respect to time to calculate the participant’s
gait speed. Having the subject's position over time, the overall velocity of walking (i.e., the distance a

walking subject travels over a second (velocity=position/time)) can be calculated.

5.3.4 Results of the Bedrest Study

In this section, we first provide walking speed obtained from the radar and a stopwatch to validate
the proposed radar-based system performance in extracting walking speed of multiple people. It should
be mentioned that we do not report the walking speeds of the second subject (the research assistant
walking beside the participants) because the walking time was not recorded by a stopwatch. But, to
show that our algorithms track them both, we provide the trajectory of both walking processes in Figure

5.53.

We then provide and compare walking speed of PRE, R +1, R+3, and R+ 4wk to show the effect of
BR on walking speed. To validate and demonstrate the performance of our proposed system for gait
extraction of participants with the coexistence of other people, Figure 5.54 shows speed obtained by
the radar empowered by our proposed algorithm (the brown curve) and the stopwatch values in blue.

The results provided here are the outcome of 25 different tests done before and after HDBR. As shown,

106



the obtained results are very close, demonstrating the radar performance in extracting walking speed of

multiple people.

To show details, a Bland-Altman plot of radar-stopwatch results is provided in Figure 5.55. It is
the pairwise difference between simultaneous measures of radar and stopwatch measures. The solid
line at -0.06 m/s is the bias (i.e., average difference). The dashed lines represent the 95% limits of
agreement. Each colour represents a unique participant, bias is the solid line, and upper and lower limits
of agreements (95% confidence) are the two dashed lines. The limits of agreement are calculated using
the repeated measures Bland-Altman analysis, which accounts for within-participant variance. It should
be mentioned that the difference here incorporates that there is an error inherent in the stopwatch
method (a human pressed a button), and the important thing is that there is no considerable difference
between the two devices (0.0644m/s shorter duration with the radar seems trivial). A box plot of the
outcome of this BR study is provided in Figure 5.56. Each individual is represented by a unique colour.
The solid line in the boxes represents the median, the dashed line represents the mean, and the top and
bottom of the boxes represent the 1% and 3™ quartiles, respectively. Linear mixed models with fixed
effects of condition and time and random effect of the participant for the statistical analysis were used.

Emmeans with Bonferroni correction was used to evaluate the pairwise comparisons related to the
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Figure 5.54. Participants’ walking speed in the BR study obtained by radar empowered by the proposed
STA algorithm and a stopwatch.
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Figure 5.55. Repeated measures Bland-Altman plot comparing the walking speed calculated from the
stopwatch and radar data. A given colour represents a unique individual. The solid and dashed

horizontal lines represent the bias and 95% limits of agreement.

significant effect of time. All comparisons with R+1 and other time points (PRE, R+3, or R+4wk) were
p<0.001. The makers "*" indicates the difference from all other time points when evaluating the main
effect of time. Exercise has no impact on the result, as represented in Figure 5.56. The responses on the

left for the control group and the right for the exercise group are not different.

The p values for the main effects of time (PRE vs R+1 vs R+3 vs R+4wk), condition (control vs
exercise), and their interaction are listed in the top left of Figure 5.56. Only time has a significant effect
on walking speed, so exercise does not have an effect. The significant effect of time was evaluated
using post hoc analysis by pairwise comparison of time points with Bonferroni correction for multiple
comparisons. Post-hoc analysis revealed that R+1 was different from PRE, R+3, and R+4wk, with no
other differences being identified. That is what is being identified with the asterisks above the R+1 time
points in the plot. It should be mentioned that more analysis is needed to identify the cause of the decline
in walking speed, which is out of the scope of this thesis. Further analysis will be done by other team
members involved in this BR study with more background in physiology (a group in Prof. Richard
Hughson’s lab).
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Figure 5.56. Comparison of walking speed at before bed rest (PRE), the first day (R+1), third day (R+3)

and 4 weeks (R+4wk) after getting out of bed. A given colour represents a unique participant. *,
different (p<0.05) from PRE.
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Chapter 6

In-Home Gait Monitoring

6.1 Relevance

Studies on the application of radar technologies in human gait assessment have been conducted to (1)
analyze and obtain gait parameters [14], [22], [24]-[27], [77] and (2) recognize humans from their gait
patterns [57], [80], [103], [155]-{157]. For the first one, various radar signal processing methods have
been proposed to extract gait characteristics such as speed, cadence, stride length, etc. Machine learning
and artificial intelligence (Al) have been deployed for the latter. However, the focus of the work in this
chapter is to integrate machine learning algorithms with radar signal processing to identify the type of
in-home activity performed by a subject and to detect in-home walking periods to distinguish them

from other in-home activities and then extract gait parameters.

Although the speed of random walking could be extracted using a MIMO FMCW radar, the position
of a subject performing other in-home non-walking activities such as cleaning or working out also
changes over time. Therefore, we need an algorithm to distinguish walking periods from other in-home
activities and movements for an in-home gait monitoring assessment and activity recognition system.
In this work, we propose a novel cloud-based in-home free-living activity recognition and gait
monitoring system that integrates radar-based signal processing methods with a sequential deep
learning algorithm (Autonomous In-home Gait Monitoring and Activity Recognition (AI-GM&AR)
system. Our proposed AI-GM&AR system uses a sequential deep learning model to recognize the type

of in-home activity, detect walking periods, and distinguish them from other in-home activities.

The primary purpose of this research is to perform in-home typical daily activity recognition (e.g.,
walking, sedentary, washing, vacuuming etc.) and gait period detection using radar to have a record of

the subject’s activity level and gait patterns.

Most of the research on human gait analysis and activity recognition has been done in a simple, large,
and low-clutter environment with a constrained range and limited activity (mainly in a straight line)
[26], [29], [52], [77], [78], [80], [81], [158], [159]. However, when someone walks randomly or
performs in-home activities in a cluttered environment such as a typical home, their patterns are

different from that of straight-line activity in a large area [26], [29], [52], [80], [81]. As will be shown
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in this chapter, identifying walking periods and recognizing the type of activity a subject performs is

complicated in such an environment using radar signal processing methods.

STFT has been widely used to train machine learning algorithms in many cases [158], [159]. STFT
is a good solution for such a straight-line activity where it captures all micro-doppler which depends
on relative angle. On a straight-line movement, the relative angle between the radar and the subject is
constant, thus, the direction will not impact the extracted micro-Doppler. However, when it comes to
random and non-straight-line in-home activities at various angles, STFT patterns may not be easily
distinguishable. Since people have different walking patterns and other in-home activities, as shown in
this chapter, models trained with STFT will not produce the best results. Furthermore, since STFT
ignores the spatial information of subjects (e.g., range information), it does not have enough

information to distinguish various in-home activities.

Unlike the work reported in [27] that used a complex radar system including four AWR1243 chips
to create 192 channels to provide human point cloud information for 2D-CNN, we used only one
AWR1443Boost radar sensor. Note that for a real-time everyday application, we need a fast and simple
algorithm, whereas an expensive high-resolution radar and complex signal processing are required to
prepare accurate point cloud information, as shown in [27]. In order to make the system affordable, it
is preferred to have fewer and less expensive radar sensors. In this work, we show that, without the
need for an expensive high-resolution radar leading to complicated and computational-costly
algorithms for detection, clustering, and associations to extract point cloud information (x-y-z) [27], a
Range-Doppler map (RDM) of a human body obtained from a low-cost radar is reliable and provides
enough features for our purposes. RDMs are delivered to a sequential deep learning algorithm to be
trained and predict in-home activities. In addition to the simplicity, compared to the point cloud method,
another advantage of RDM is that only one single transmitter and a receiver can provide both the
occupied position and all created micro-Doppler, leading to a less expensive system. Another advantage
of using RDMs is that, compared to SFTF patterns, the RDM has both spatial and temporal features of

subjects.

Assessing various deep learning models, we show that GRU [160] can extract temporal
characteristics of the radar data and thus achieve sufficient recognition accuracy with relatively low
complexity compared to the existing 2D-CNN and 2D-CNNLSTM methods [161]. Since RDM

preprocessing is simple and fast, all signal processing pipelines are performed in a low-cost standalone
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IoT Edge device without allocating an extra laptop or PC for signal processing. In this work, we utilize
a Raspberry Pi to process radar raw data and perform all signal processing to be delivered to the GRU
network. With simple and fast preprocessing to create RDMs performed by a Raspberry Pi, streamed
data is sent to the cloud (Microsoft Azure), and the GRU network is applied to the streamed data to

identify the type of activity a subject is performing in real-time.
Disclaimer: A major part of this chapter was reported in two journal papers:

e Hajar Abedi, Ahmad Ansariyan, Plinio P. Morita, Jennifer Boger, Alex Wong, and George

Shaker “Contactless In-Home Cluttered-Environment Gait Analysis,” (under preparation).

o Hajar Abedi, Ahmad Ansariyan, Plinio P. Morita, Jennifer Boger, Alex Wong, and George
Shaker,” Al-Powered Non-Contact In-Home Gait Monitoring and Activity Recognition
System Based on mm-Wave FMCW Radar and Cloud Computing,” IEEE Internet of Things
Journal, 2023.

6.2 AI-GM&AR System Design

The diagram of our proposed AI-GM&AR system is presented in Figure 6.1. The system’s main
components include the Client Side, the Cloud module, and the User Interface. To provide a detailed
representation of the subject’s daily activity, we focus our attention on the living room in this work as
this is the central area of the house where the subjects spend most of their time and perform most of
their activities, followed by the bedroom (to record sleeping time and duration), and the washroom (to
record washroom frequency, enter, exit, and duration). Therefore, to enable tracking a subject in the
three main living areas, we installed a standalone system (a radar integrated with a single board) in the
subject’s bedroom, living room, and washroom. Each system sends the radar configuration commands
to run the radar, stores received raw signals, preprocesses the raw data, and then transfers it to the cloud.
Each system in each room performs a signal processing chain to detect the presence or absence of the
subject. To identify which space is currently occupied, a Presence-Absence Detection (PAD) algorithm
is applied to the radar raw data [73]. We refer interested readers for more detail on the PAD algorithm
to our previous papers published in [32], [73]. The PAD algorithm identifies the rooms as occupied or
vacant. The data from the room occupied by the subject is sent to the cloud through the IoT Edge. Since
our focus is on activity recognition and gait period identification in the living room in this work, if the

living room is occupied, then the RDM will be sent to the cloud for further analysis. The pseudo-code
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of our proposed AI-GM&AR system is provided in Algorithm 6.1. The radar real-time raw data

captured in each room is the system’s input to generate the subject’s activity report output. If the PAD
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Signal ToT
Processing Edge Web
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ge < / >
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Figure 6.1. Diagram of the proposed AI-GM&AR system. Three standalone units are installed in the
subject’s living environment collecting stream data and sending it to the cloud. In addition to gait
parameters and the subject’s current status, the subject’s daily activity reports are recorded and shown

using three different platforms: mobile, web and desktop apps.

Algorithm 6.1: In-Home Status Recognition Algorithm

Input: Radars Raw Data from each Single Board
Output: Activity Reports

while True:

chirp=capture raw_data ()

room=PAD (chirp)

if room =="in_bed"
save in bed date and time ()

else if room="in_washroom"
save in washroom date and time ()

else if room="out_of home"
save out of home date time ()

else if room== “Livingroom”
status=check status_of livingroom (chirp)
save_status of livingroom (status, date, time)
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algorithm identifies the presence of a subject in the bed (occupied bed), the time duration of in-bed
status will be stored in the cloud database to record the sleep or in-bed time. On the other hand, if the
PAD algorithm identifies the subject's presence in the washroom, the entrance/exit time and the
duration the subject spends in the washroom will be recorded. Deploying deep learning in the cloud,
the type of activity performed by the subject will be predicted. If the PAD algorithm identifies the
absence of the subject in all three areas, the status of the out-of-home will be determined (a vacant

room). The amount of time the subject spends out of the home would also be recorded.

6.2.1 Deploying Machine Learning in the Cloud

There are two main steps in cloud computing to deploy real-time machine learning [162]: pre-runtime
and run-time processes. As shown in Figure 6.2, in the pre-runtime step, we collect data from the loT
device (the radar sensor) to train a deep learning network. The model is trained and optimized on a
local machine. The model is then deployed into the cloud to be used in the run-time section. In the run-
time step, radar sensors paired with Raspberry Pis (standalone sensors) are used to capture and
preprocess streamed data from the environment and then send it to the cloud for further analysis. If the
occupied room is the living room, the stream data is then transferred to the cloud and fed into the deep

learning network to identify the type of in-home activity and gait periods [162].

It should be pointed out that if there is no connectivity to the cloud, the activity recognition system
will not be able to operate in real-time. Based on the current scope of this thesis, which focuses on
activity recognition and not fall detection, the lack of connectivity to the cloud would not pose a risk to
the occupant. However, if the system were to be used for fall detection, there would be a risk as the
system would not be able to communicate with the cloud for timely notification and emergency
response. Therefore, it is important to consider the connectivity and reliability of the system in real-
world applications to ensure the safety of the occupants. To mitigate this risk, the system could be
designed to have a backup mode that operates locally (in a local server) on the device in the event of
cloud connectivity loss. Additionally, the system could be designed with redundancies in place to
ensure that connectivity loss is rare and quickly resolved, such as by using multiple internet connections

or failover mechanisms.
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6.3 Proposed AlI-GM&AR Algorithm

The block diagram of our AI-GM&AR algorithm is illustrated in Figure 6.3. The proposed algorithm
consists of two processes: (1) walking period identification and activity recognition and (2) gait
parameter extraction. In our proposed system, raw data from the radar is collected from a MIMO
FMCW radar. As mentioned in a previous chapter, there are two types of clutter effects in received
signals: (1) stationary clutter and (2) time-varying clutter (ghosts) [3]. The direct reflection from
stationary or unanimated objects is called stationary clutter. The stationary clutter removal algorithm is
applied to the range profile to remove signals reflected from stationary clutter [3]. However, the
interaction between a subject and a stationary object creates multipath or ghosting effects [3]. The
number and particular behaviour of the multiple paths depends on the room structure and the presence
of moving subjects. After performing the stationary clutter removal algorithm, the remaining signals in
the range profile are direct signals from the subject, caused by chest motions (breathing) and other
motions created by performing in-home activities in addition to multipath effects [3]. In this chapter, it

will be demonstrated that deep learning can classify in-home activities despite the existence of

1- Collect Training Data 2- Prepare & Experiment: 3- Deploy the trained model to Cloud
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Figure 6.2. Flowchart of the IoT-based AI-GM&AR system showing the pre-run time and run-time

processes in the cloud.
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multipath effects or ghosts. Since the human body is non-rigid, reflections from a human body occupy
multiple cells of range bins in the range profile. Human locomotion, including walking, is a complex
motion, and the velocity of each segment of the human body performing different tasks varies over
time [54], [57], [58], [64], producing various micro-Doppler shifts in scattered signals. Applying the
second FFT on a series of radar chirps (i.e., frame), a range-Doppler map (RDM) is obtained. Therefore,
using an FMCW radar, we simultaneously provide a range-Doppler map at each frame containing range
and micro-Doppler signatures of a subject’s in-home activities. As will be shown in this chapter,

azimuth information is also needed to extract gait parameters.

Given that our target is a single subject, we use the entire RDM to train the model. This simplicity
helps us avoid other signal processing such as detection (to capture occupied bins), clustering methods
to cluster the detected bins, and then association algorithms to associate new bins to the previously

occupied bins. We consider only one subject in this work because the main application of the Al-
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Figure 6.3. AI-GM&AR System Flowchart. Firstly, features for sequential deep learning will be
provided and delivered to the network. If walking periods are identified, a gait extraction algorithm will

be applied, and gait values will be provided.
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GM&AR system is in long-term care facilities or retirement homes, where only one subject is
monitored. Any in-home gait extraction method is prone to failure if the system is not intelligent enough
to identify a human’s in-home activities and differentiate between them. The system should provide
precise and accurate gait data and be able to track a subject’s in-home activities over long periods. The
system should be able to identify the type of in-home activities a subject performs. Six classes are
defined in this study: (1) “Empty”, (2) “Sedentary”, (3) “Washing”, (4) “Vacuuming”, (5) “In-place
movement”, and (6) “Walking”. These are some of the activities a subject performs during a typical
day. Another class as an "other" category was considered during the development of the activity
recognition system. However, it was determined that including such a category would not be beneficial
for the system's performance, as it could introduce ambiguity and reduce the accuracy of the
classification. Instead, the six classes were carefully chosen based on their relevance to monitoring
activities of daily living and the potential risks associated with them. If the occupant performs an
activity that is not within the listed classes, it will be recognized and recorded as one of the recognized
activities. However, based on the typical activity in a home, long-term care facility, or retirement home,
the recognized activities could be modified. In addition, since the system is intended for monitoring
activities of daily living and not for fall detection in this thesis, the six classes are considered adequate
for the purpose of this research. However, if the system were to be used for fall detection, it may be
necessary to include an "other" category to better capture unexpected events. In other words, the choice
of classification approach, number of classes, etc., depends on the specific context and environment in
which the system is used, as well as the goals and requirements of the application. In this study, we
focused on a particular set of activities of daily living in a home environment. The number and types
of classes were chosen based on their relevance to the intended application and the potential risks
associated with them. However, for other contexts or applications, different sets of activities or
classification approaches may be more appropriate. Our work provides a framework for further
exploration and customization of the activity recognition system based on the specific needs and context

of the application.

Algorithm 6.2 shows the pseudo-code of the proposed activity recognition algorithm. As shown, the
deep learning network would predict the activity a subject performs and send out the result as the current
status. For the case of detected walking periods, a gait extraction algorithm discussed in Section 6.5.1

will be applied to the stored RDM samples to obtain gait values.
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6.3.1 Deep Learning for the AI-GM&AR System

Due to the complexity of human motion, complex signal processing is required to map the RDM
patterns to a human’s specific activity, which is mathematically not feasible [163]. For this reason, we
have adopted machine learning as an effective tool for our AI-GM&AR system. During the
development of the system, we considered several machine learning and deep learning approaches for
activity recognition, such as support vector machines, random forests, and convolutional neural
networks. We evaluated the performance of these approaches using various metrics such as accuracy,
precision, and recall and compared them to determine the best approach for our specific application.
Conventional machine learning algorithms are limited in their capacity to fully capture the rich
information contained in complex data, particularly time-varying samples [163]. Our proposed system
in this study leverages deep learning approaches [164] to use the resulting time-varying signatures of
the subject being monitored. Using multiple deep layers in a single network enables the efficient

extraction of a subject’s features and the building of a classification boundary [163].

Many deep learning models have shown exceptional promise in radar-based human activity recognition
systems [57], [80], [103], [155]-[157]. The raw data is commonly converted into a 2D spectrogram
using the STFT method while being treated as an optical image. The corresponding architectures, such
as 2D convolutional neural networks (2D-CNNs), are used in these systems. However, since a human
body motion consists of a series of associated postures through time, ignoring these temporal
characteristics could lead to a complex network with many parameters, which may not result in accurate

recognition.

Deep recurrent neural networks (DRNN) have successfully addressed classification problems that
feature temporal sequences [164]. DRNNs use a hidden node as memory, passing previous information
to the next state for processing sequential inputs. Through this process, a DRNN can extract the
temporal features of data. Long short-term memory (LSTM) and gated recurrent unit (GRU) are the
two common models for sequential learning [163]. Due to the complex structure of a single LSTM unit,
the LSTM network contains many parameters and so requires a larger sample size. LSTM contains
three gates: the forget gate, the input gate, and the output gate [30]. On the contrary, a GRU network
has a simpler structure and fewer parameters. A GRU network includes only the reset gate and the
update gate. From a spatial complexity perspective, LSTM has more parameters than GRU, therefore,

GRU has fewer computation costs than LSTM [160].
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Algorithm 6.2: In-Home Activity Recognition Algorithm

check status of livingroom (chirp):
Input: Radar Raw Data in Livingroom (Radar Unit #1)
Output: Type of Activity in the Living Room

chirp=capture radar raw_data from livingroom ()
fft=fast fourier_transform (chirp)
complex=ftt [0:int (fft.size/2)]
mcr=mutual coupling_reduction(complex)
cr=clutter_removal (mcr)
R P=save in_database (cr)
RDM=ftt (R_P)
result=GRU (RDM)
if result== “empty”
return “empty”
if result== “sedentary”
return “sedentary”
if result== “washing”
return “washing”
if result== “vacuuming”
return “vacuuming”
if result=="in_place_movement"
return “in_place_movement”
if result== “walking”
return gate extraction (data)

In this work, we show that the RDM has enough features for a single subject in-home monitoring,

and the GRU network is a promising model to be used for time-varying RDMs of human activity

classification. We demonstrate that GRU achieves sufficient recognition accuracy with relatively low

complexity without the need for the subject’s point cloud information [161]. The advantages of RDM,

compared to point cloud information, are that such a system can provide valuable information using

only one single transmitter and a receiver. Additionally, preprocessing is faster and simpler. An

alternative approach using point cloud information would require an expensive high-resolution radar

and complex signal processing.

6.4 Experimental Results

We use the same devices used to conduct the other parts of this thesis: the mm-wave FMCW radar

systems from TI Co. Ltd. Our AI-GM&AR system uses only one AWR1443Boost radar for each room.
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We selected this MIMO radar in this study, although a single transmitter and receiver are enough for
in-home activity recognition and walking period identification. As will be sown, after detecting in-
home random non-straight-line walking periods, azimuth information of the subject is required in

addition to the subject’s range to get the subject’s accurate position over time (velocity = position/time).

6.4.1 Radar Configuration

In this experiment, we use the following parameters for configuring the radar: chirp duration - 380 psec;
chirp slope - 43.03 MHz/usec; chirps per frame— 256; frame period— 98 msec; frequency bandwidth—
3602 MHz; operating frequency— 77 GHz, and A/D sampling rate— 4400 ksps. Using this configuration,
the following parameters are obtained: maximum detachable range— 8.24 m, range resolution— 6. 49

cm, velocity resolution— 0.02 m/s, and maximum velocity— 2.54 m/s.

6.4.2 Dataset Construction for Deep Learning

As stated earlier, datasets collected by other researchers in this field were collected in controlled
situations in a large environment with almost no clutter [26], [29], [52], [80], [81]. While this type of
initial research is critical in developing practical systems, there needs to be research exploring how to
computationally deal with subjects behaving naturally among everyday objects typically found in one’s
homes, as they would in a real home uncontrolled environment. Previous research reported in [27]
explored a highly cluttered environment but in controlled scenarios using an expensive and complex
high-resolution radar to create human point cloud information. However, no research has been reported
on a single-sensor radar dealing with in-home gait and activity monitoring using RDMs. Since our goal
is to provide an in-home activity recognition system, we collected data in a typical cluttered apartment.
Figure 6.4 depicts the living room area of the apartment where we conducted our experiment and
collected our in-home datasets. This apartment is located in the research area of the Schlegel-University
of Waterloo Research Institute for Aging (Schlegel-UW RIA). The living room has a typical highly
cluttered environment with many reflective objects, similar to what would be found in a living room in
any modern apartment building, including a TV, a fridge, metal window frames, and concrete floors

and ceilings.

To compile this dataset, we invited seven subjects (three females and four males with heights ranging
from 156 cm to 187 cm) to randomly walk in the apartment at their selected speed and perform various

in-home activities without any predefined path to follow. If we walk or move in a highly cluttered
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environment, we create various multipath effects that should be removed from the actual signals from
the subject [3], [165]. This effect adds more complexity to the signal processing chain in addition to
the required high-resolution and complex radar sensors. To compile datasets in a typical home, we
installed the radar sensor in a living room of an apartment, shown in Figure 6.4. We defined six classes:
(1) “Empty”, (2) “Sedentary”, (3) “Washing”, (4) “Vacuuming”, (5) “In-place movement”, and (6)
“Walking”. Our purpose for the “Empty” class was to identify the presence or absence of the subject in
a living room. The result of the PAD algorithm and the deep learning will be combined to provide the
final presence/ absence status. The purpose of the “Sedentary” class was to know how long the subject
was sedentary (not active) during the day. This information could help the subject keep track of his/her

daily activity and modify his/her future activities.

The “Washing”, “Vacuuming”, and “In-place movement” classes were defined in order to
differentiate these activities from periods of walking and to track the subject’s daily activities that
involve movement other than walking. It is important to identify periods of walking, as defined by the
“walking” class, to apply gait extraction algorithms accurately. Failure to properly identify walking
periods can result in errors in gait data over time when applying gait extraction algorithms to non-
walking activities. Any small error in gait parameters would cause misleading information in prediction

and any subsequent proactive attempts (i.e., fall prevention) [18], [166], [167].

For dataset construction, seven young and healthy subjects performed their normal and natural daily

life in the apartment. These are the protocols we followed for in-home dataset construction:

1.  For the “Empty” class:

No subject was in front of the radar, and no live body occupied the room.
2. For the “Sedentary” class:
e A subject was sitting still in different places on sofas/chairs.
e A subject was sitting at various locations on sofas while working with a cell phone.
e A subject was sitting at various locations on sofas while working with a laptop.

e A subject was sitting at various locations on sofas in the usual way (i.e., talking, moving his body,

leg displacement, etc.).

e A subject was sitting at various locations on sofas facing back and toward the radar.
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3. For the “Washing” class:
e A subject was washing dishes in the kitchen.
e A subject was drying the dishes.
e A subject was putting the dried dishes into the cabinets.
e A subject was cleaning the cabinets/ sink areas.

4.  For the “Vacuuming” class:

A subject was vacuuming the entire living room, even behind desks and coffee tables, in a typical

way.
5. For the “In-place movement” class:

e A subject was working out.

e A subject was squatting.

e A subject was picking objects from tables/floors.

e A subject was sitting and standing from a chair.

6.  For the “Walking” class:

A subject was randomly walking in different directions in the entire living room, even behind

desks and coffee tables, at his own selected speed.

In this study, datasets were collected with subjects moving naturally without being asked to move to
a specific location. Therefore, it can be concluded that the data is not dependent on the radar’s relative
position. However, it is possible that the “Washing” class may be dependent on the radar position due

to the static nature of the activity in close proximity to the sink.

A total of 310357 range-Doppler maps were generated from data collected from seven participants,
who each completed five different in-home activities for a total of 50 minutes of data. Each participant
completed each task in approximately 10 minutes, resulting in approximately 7400 frames of data per
class per subject. The labelling of the data is based on the order in which the tasks were completed,
with some potential for minor labelling errors due to the subjects not perfectly following the requested

activity for the full 10 minutes. These errors may include deviations from the requested activity, such
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Figure 6.4. In-home environment experiment conducted in Schlegel-UW RIA. The radar is used to

collect data for the local system to train and validate deep learning models.

as temporary pauses or walking while holding equipment. While efforts were made to minimize these
errors, they were hard to control. For example, participants might have stopped vacuuming
intermittently or walked while holding the vacuum instead of consistently vacuuming the floor. These

variations were very difficult to control.

6.4.3 Results

In this subsection, we provide samples of RDMs and STFT patterns of in-home activities. We then

provide and compare the results of various deep learning networks fed by RDMs and STFT.

6.4.3.1 Range-Doppler Maps

An example of the RDM of each in-home activity is provided in Figure 6.5 and Figure 6.7. Each RDM
is a matrix of 128 rows and 256 columns, normalized to its maximum. All RDMs shown here are the
result of frame # 100. Note that frame #100 in Figure 6.5 and Figure 6.7 is just an example of each
activity in this work, while other frames also show the details of each activity. The horizontal and
vertical axes represent the subject’s range (radial distance) and velocity, respectively. The RDM in
Figure 6.5 (a) is for the empty room (when no subject was in the room). While there are several objects
in the living room, as shown in Figure 6.4, the RDM of the empty room shows some random noise after
performing the clutter removal algorithm. Figure 6.5 (b) is the RDM of the environment when a subject
was sitting on the sofa. The velocity shown is around -0.02 m/s to 0.02 m/s (mainly from the chest
motion), with the occupied range bins from R=3.11 m to R=3.24 m. Comparing Figure 6.5 (a) and (b),
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the effectiveness of our stationary clutter removal algorithms is shown. It is demonstrated that

subtracting the average signal value from the integrated signals eliminates the direct effects of the

stationary objects (i.e., stationary clutter).
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Figure 6.5. Range-Doppler maps of (a) an empty room (frame #100), (b) a subject sitting on a sofa
(frame #100), (c) a subject washing dishes (frame #100), (d) a subject picking up an object (frame
#100), (e) a subject vacuuming (frame #100) (f) a subject vacuuming (frame #105).
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Figure 6.5 (c) shows the RDM when the subject was standing by the sink washing dishes at an
approximate R= 6.5 m. As shown, since the subject was at a close distance from a metallic object (the
fridge in the kitchen), the interaction of the reflected signals from his body and the fridge created
multipath effects (ghosts or time-varying clutter) [3], [165], observed at R=6.5 m extended to R=8 m.
The multipath effect is more significant when the subject moves, particularly near reflective materials
such as metals [3], [165]. Ghosts are visible for the case of vacuuming in Figure 6.5 (e) and (h) when
the subject was at an approximate range of R=4.5 m away from the radar, while ghosts are visible at
R=7 m and further. One of the drawbacks of using point cloud information [27] to train machine
learning is that ghosts’ signals will be detected as a point cloud. Therefore, an even more sophisticated
technique is needed to deal with ghosts and distinguish ghosts from the subject’s direct reflections to
be fed to machine learning. However, since the entire RDM is fed to our deep learning model without
any handcrafted feature extraction method, the deep learning model handles ghost signals and predicts
the classes based on what has been trained. The RDM of the environment with a subject picking up an
object from the floor is provided in Figure 6.5 (d). The subject’s body created velocity (micro-Doppler
in radar received signals) ranging from -0.08 m/s to 0.02 m/s while range bins were occupied from
R=4.34 m to R=4.67 m. For the case of vacuuming (Figure 6.5 (e)-(h)) and walking (Figure 6.6 (a)-
(b)), since the subject had movement and the RDMs changed significantly frame by frame, we provided
the RDMs at two different frames (#100 and #105) to provide more details. The subjects occupied

multiple velocities and range bins for these two activities. For each of these activities, the RDMs are
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Figure 6.6. Range-Doppler maps of (a) a subject walking (frame #100) (b) a subject walking (frame
#105).
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slightly different, so the deep learning model can extract sufficient features to distinguish them and

identify the type of activity a subject is performing.

6.4.3.2 Deep Learning Results

To train and test machine learning algorithms, we followed two different validation approaches: First
one was a K-fold validation method. In a 5-fold validation method, 80% of the whole data is used for
training and 20% for testing. In the second method, we used data captured from a new subject for
validation that was not part of the training dataset. To assess deep learning networks, it is essential to
have a completely unseen subject for the test set to validate the network architecture and ensure the
generalizability of the network in a real-life application. Although with the K-fold validation method,
the samples are unseen in testing, the subjects are seen. With the second method, we intend to generalize
our trained model to be functioning for any new subject. With the K-fold method, the activity patterns
of all subjects are seen, while with the second method, the activity patterns of a new subject are unseen

for the network.

To show the robustness and effectiveness of our proposed method for human activity recognition and
gait period identification, we provided the outcomes of three procedures: 1. Train set based on RDM
samples collected from six subjects performing various in-home activities at the apartment (living
room), and the test set on samples collected from the seventh subject (Scenario #1), 2. The K-fold
method, using RDM samples collected from all seven subjects performing various activities at the
apartment (Scenario #2), 3. Train set based on STFT patterns collected from six subjects performing
various in-home activities at the apartment (living room), and the test set on samples collected from the

seventh subject (Scenario #3).

Since the performance of deep learning networks highly depends on their hyper-parameters to control
how it learns the training dataset, optimizing the hyper-parameters utilized by each network is
necessary. To find the best hyper-parameters for deep learning networks, a range of values was
specified for five crucial hyper-parameters: learning rate, batch size, activation function, optimization
algorithm and the number of layers. Several deep learning models were implemented to find the best
model for our in-home activity recognition system. We implemented deep learning networks in
TensorFlow (Keras) with a cross-entropy loss function in 50 epochs. Our criteria for choosing the best

model were the performance in terms of accuracy and execution prediction time. The motivation to use
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accuracy as the performance metric in this work is that we have balanced datasets, so the models are

not biased. Confusion matrices of four different deep learning models fed by RDMs, including 2D-
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Figure 6.7. Confusion matrix yielded by the different networks, fed by RDMs, applied to test datasets
(data collected from a complete new subject, Scenario #1) in the living room environment (a) 2-DCNN
(b) 2-DCNNLSTM (c) LSTM and (d) GRU. Note that “E”, “S”, “I”, “V”, “G” and “W” stand for

Empty, Sedentary, In-place movement, Vacuuming, Walking and Washing, respectively.
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CNN, 2D-CNNLSTM, LSTM and GRU, are provided in Figure 6.7 for scenario #1. A summary of the

performance of all four models is listed in Table 6.1.

LSTM is the most accurate network in identifying the six in-home classes, while 2-DCNN is the least
precise model. The total accuracy of 2-DCNN, 2-DCNNLSTM, LSTM and GRU models is 84%, 85%,
87% and 86%, respectively. All models identify the empty room 100% accurately, meaning that an
occupied/ vacant room will be recognized without any error. 2-DCNNLSTM and LSTM models
classify the “Sedentary”, “In-place Movement” and “Washing” classes with less than 6% error. 2-
DCNNLSTM, GRU and LSTM models can recognize walking periods and distinguish them from other
activities with more than 70% accuracy. However, the CNN model performs poorly in identifying the
walking periods. As seen, all recurrent neural networks performed better in predicting in-home
activities, particularly “Walking”. The most challenging class for all four networks is “Vacuuming”
which is confused with “Walking” and “In-place movement”. The reason for this poor performance
will be further analyzed in this study. In addition to the accuracy, as shown in Table 6.1, the execution
prediction time of CNN and 2-DCNNLSTM is much longer than the other networks because of the
complexity of the convolution-based neural networks. LSTM and GRU networks are more accurate
and faster for in-home activity recognition. We deployed the GRU network for our real-time processing
since it is faster in predicting a new class which is almost as accurate as the LSTM network in predicting
the in-home activities of a new subject. Graphs of the performance of the accuracy and the loss function

of the GRU network are plotted in Figure 6.8.

The GRU network performance in predicting in-home activities of an unseen subject (Scenario #1)
ensures generalizability. However, it is common to train a model based on a known subject to classify

and monitor his future activities. Therefore, for Scenario #2, we analyze the GRU network in predicting

Table 6.1. Comparison of the result of different deep learning models (test data: a new participant)

Model Inputs Accuracy Testing Time/Sample
GRU STET 75% 2.4 ms
LSTM STFT 67% 6.9 ms
2-DCNN STFT 69% 10.7 ms
1-DCNNLSTM STFT 73% 4.7 ms
2-DCNN RDM 84% 3.5ms
GRU RDM 86% 0.3 ms
LSTM RDM 87% 1.2 ms
2-DCNNLSTM RDM 85% 3.7 ms
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Figure 6.8. Graphs of the performance of (a) the accuracy and (b) the loss function of the GRU network

in each epoch.

new activities while the patterns of the subject’s activities were previously trained. It should be pointed
out that other networks were assessed for Scenario #2. We provide the outcome of GRU as it yields the
best performance. The confusion matrix of the GRU network for Scenario #2 is provided in Figure 6.9.
The overall accuracy of this case is 93%. The network performance improved significantly because the
network was trained based on all subjects’ activity patterns. In this case, the GRU model predicts
“Sedentary”, “Washing” and “In-Place Movement” with more than 97% accuracy. The model can
identify walking periods with 87% accuracy, while “Vacuuming” is still the least accurate class (75%).
As seen in Figure 6.7 and Figure 6.9, some of the RDMs of vacuuming were misclassified in the

“Walking” class, leading to less accuracy in the “Vacuuming” class.

Although the model was tuned and various variables were assessed, the reason for this lower
accuracy should be analyzed. Since the model was carefully analyzed and tuned, we referred to the
datasets. We found that some participants did not follow our order for vacuuming perfectly. Instead of
cleaning the floor, some of our participants were walking while holding the vacuum cleaner. This sanity
check was done based on the result of all RDMs over the entire data and STFT patterns. Participants
also confirmed this. Since our labelling method was to ask each participant to do each task for 10
minutes consistently, we stuck with this labelling method even though we found this flow in a small
portion of our samples. To show the details of this flow, we provided the STFT patterns of two subjects
in Figure 6.10. Although non-straight-line STFT patterns might not be easily distinguishable, we

provided the STFT results because it clearly shows the variation over time in one plot.
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Figure 6.9. Confusion matrix yielded by the GRU network, fed by RDMs and applied to test datasets

(Scenario #2) in the living room environment.

As shown, since subject “A” followed what he was asked to do perfectly, the STFT pattern of
vacuuming (Figure 6.10 (a)) is entirely different from his walking pattern (Figure 6.10 (b)). However,
subject “B” was not following our request and was not performing the actual vacuuming but holding
the vacuum cleaner while walking. The STFT pattern of the vacuuming Figure 6.10 (¢)) is very close
to walking (Figure 6.10 (d). Therefore, we can conclude that the low accuracy of the “Vacuuming”
class is because of the datasets, not the model. The model identifies some vacuuming samples as
walking because the participants walked instead of vacuuming. It is important to note that the
classification model was designed to detect specific patterns of movement associated with certain
activities. While carrying a vacuum cleaner around the house may not fit into the vacuuming class, it
may still be recognized as walking or another relevant activity class. It is important to consider the
context of the activity and the patterns of movement associated with it when designing an activity
recognition system. In this case, the low accuracy of the vacuuming class was due to the dataset rather
than the model, and future work could involve collecting more diverse datasets and adding more classes

to improve the model's performance.

Using STFT patterns as inputs for machine learning and deep learning models is a common approach
in gait recognition studies. This approach has been shown to be effective in capturing the temporal and
frequency characteristics of activity signals. However, it is important to note that the effectiveness of
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STFT patterns as a feature extraction method may vary depending on the characteristics of the data
being analyzed, and other feature extraction methods should also be considered and evaluated. Since
many studies used STFT patterns as inputs for machine learning and deep learning models, we also
train our deep learning models with STFT patterns. The purpose is to compare the results of deep
learning networks fed by RDMs with the case of STFT inputs. To generate the STFT signature of each
activity, we choose a small Hamming window for time-frequency analysis of the real-time radar human
activities /gait signals. The length of the Hamming window is 128 samples. As shown in Figure 6.10,
STFT patterns show the time-varying velocity created by each subject without considering the occupied
range bins. Figure 6.11 shows the network STFT inputs in detail. After optimizing the network
parameters, the input is a vector of 1 x 256 consisting of 25 ms of a subject’s micro-Doppler signature.
The total number of time steps is set to 50. Note that for the time steps, we observed that when it is
greater or less than 50, the performance of the networks degrades. Therefore, the dimension of the input

of the networks is (1, 50, 256). In total, t=25x50=1250 ms of the subject’s spectrogram is fed to
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Figure 6.10. STFT patterns of (a) subject “A” vacuuming, (b) subject “A” walking, (c) subject “B”

vacuuming, and (d) subject “B” walking.

131



n=50

256

0 A i 6 BRI ) o LI o i TR R A

Speed
p

t=25ms Time (s)

Figure 6.11. STFT patterns as inputs for deep learning models.

networks. Table 6.1 shows the summarized output of four networks fed by STFT patterns of Scenario
#3.

As shown, GRU is the most accurate network in classifying activity patterns of a new subject.
Comparing the performance of all four networks fed by RDMs, the network fed by STFT is less
accurate. To detail the results, Figure 6.12 shows the confusion matrix yielded by the GRU network
fed by STFT patterns. As seen, occupied versus empty rooms could be identified with 100% accuracy
in this case as well. However, other classes are not predicted as accurately as the networks fed by the
RDMs. For example, considering the RDMs as inputs for GRU, the “Sedentary” class was identified
96% accurately, while it is 83% accurate in this case. The pattern of “Washing” is also much less
accurate in this case. One possible explanation could be that the network has not received enough
information to distinguish several classes. For example, Figure 6.13 (a) and (b) show the STFT pattern
of sitting on the sofa while working with a cell phone and washing dishes in the kitchen, respectively.

The two patterns are not as distinguishable as the RDMs are in Figure 6.5 (b) and (¢).

As mentioned, the GRU network is trained and optimized in a local machine. The tuned and
optimized model with the parameters listed in Table 6.2 is then deployed into the cloud to be used in
the run-time section. The network consists of multiple hidden layers, including the inputs, GRU cell
layers, fully connected layers that combine all the features learned by GRU layers for classification,
and the output layer. Therefore, the output size is equal to the number of classes. The SoftMax layer

normalizes the output of the former layer to be used as classification probabilities.
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datasets (Scenario #3) in the living room environment.

Table 6.2. GRU networks hyper-parameters.

Hyper-parameters Optimized values
Activation function Rectified Linear Unit
Batch size 512
Number of layers 5
Learning rate 0.01
Optimization algorithm Adam
Number of units for each layer (256, 128, 64, 64, 6)
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Figure 6.13. Time series inputs: STFT patterns of a subject (a) sitting on the sofa (b) washing dishes.



6.5 In-Home Gait Monitoring

In this section, gait parameter extraction methods are discussed. To extract gait values of a subject
walking in a non-straight line, firstly, signals after performing the clutter removal algorithm are
analyzed for the case when a subject was walking inside cluttered rooms. Normalized range-azimuth
maps (RAM) and RDM of a walking subject, along with their detected points after performing CFAR,
are provided to support the analysis and illustrate remaining signals from a subject and multipath
effects. All the tests were conducted in the RIA apartment, as shown in Figure 6.14. Analyzing the
RAMs and RDMs helps understand ghosts and the subject’s signal characteristics. Several examples of
consecutive frames of RAMs and RDMs after performing the stationary clutter removal algorithm
before and after CFAR are provided. To discriminate between direct subjects’ signals and indirect ones
(ghosts or multipath effects), the amplitude, velocity, and frequency of the existence of these signals
over time in RDMs and RAMs are analyzed. Figure 6.15 (a) and (b) show the RAMs and RDMs and
detected points at frame #1 and frame #2 when a subject just started to walk. The results obtained from
frames #3 and #4 are also illustrated in Figure 6.16. Additionally, RAMs and RDMs at two more
consecutive frames, # 30 and #31, during walking, when the subject was in the middle of the room,
walking around 4 m away from the radar, are shown in Figure 6.17. Note that black rectangles show

the subject’s position at each plot, so other detected points are noise or ghosts.

In terms of signal intensity, comparing the intensity of direct signals in RAMs in Figure 6.15, Figure
6.16 and Figure 6.17, the amplitude (brightness of the signals shown by black rectangles) of the target’s
signals and ghosts fluctuates significantly frame by frame. Ghosts’ signals have amplitude levels similar
to or stronger than the subject’s signals in several frames, therefore, entail a severe problem of

separating subject signals from ghosts and noise. For example, the red rectangles in Figure 6.16 (b)

Figure 6.14. In-home environment walking tests conducted in the Schlegel-UW RIA.
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Figure 6.15. RDMs, RAMs of the environment when a subject was walking, along with the

corresponding detected points after performing CFAR (a) Frame #1, (b) Frame #2. The black rectangles

show the subject's direct signals while the orange rectangle shows the ghosts detected points in RDMs.
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Figure 6.16. RDMs, RAMs of the environment when a subject was walking, along with the

corresponding detected points after performing CFAR (a) Frame #3 and (b) Frame #4. The black

rectangles show the subject's direct signals while the orange rectangle shows the ghosts detected points

in RDMs.
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Figure 6.17. RDMs, RAMs of the environment when a subject was walking along with their

corresponding detected points after performing CFAR (a) Frame #30 and (b) Frame #31. The black

rectangles show the subject's direct signals.

demonstrate that the amplitude of the ghost’s signal is brighter (stronger) than the subject’s signal.

Hence, we cannot distinguish the subject’s signals from ghosts based on their amplitude at each frame.
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There are two other parameters to consider: velocity and the frequency of the existence of these
signals over time. Stationary objects create zero Doppler or velocity that could be removed by filtering
(removing signals around zero Doppler). However, as shown in Figure 6.15 and Figure 6.16 (orange
rectangles), in addition to the subject’s direct signals, there are many other detected points with non-
zero velocity, called time-varying clutter points in this thesis. As mentioned in the previous chapter,
the existence of time-varying clutter is the main challenge for in-home gait monitoring or, generally,

gait monitoring in a cluttered environment.

In terms of the frequency of the existence of detected signals, analyzing numerous data, we realized
that subjects’ direct signals are consistent over time and have velocity more than zero because the
subject was walking, whereas ghosts or time-varying clutter appear and disappear frame by frame, so
not consistent over time. This is demonstrated in Figure 6.18 after performing DBSCAN and removing
clusters with zero velocity. Based on the performance of the different variables set for the DBSCAN
parameters, epsilon neighbourhood, e=2, and min_points=5 were selected as optimized values. As
shown in black rectangles, the subject’s cluster is consistent over these four frames, while ghost clusters
are present in one frame while disappearing in another one. The same results could be obtained at other

frames, but these plots are provided as examples to illustrate the details.

6.5.1 In-Home Gait Parameters Extraction Algorithm

The block diagram of our proposed in-home gait extraction algorithm is provided in Figure 6.19. As
shown, after removing detected points with zero-Doppler and performing DBSCAN on the remaining
points, the same algorithm (STA) proposed in Section 5.3.3 is applied to track a walking subject over
time. The parent with the maximum detected cluster is then selected over time as the target’s tracked
cluster. The outcome of the STA algorithm provides the 2D position of the walking subject over time
from which walking speed can easily be calculated. To extract other gait parameters, such as step time,
step length, cadence, etc., similar to the previous chapter, we based our gait extraction algorithm on the
fluctuation of the torso’s movement during the stance and swing phase, as it is one of the key factors
impacted by other segments of body movements during walking cycles [168]. It should be mentioned
that although our subject walks randomly but not in a straight line, we can still extract gait values based
on the torso’s motion. This is because, even though the actual value of speed is affected by the motion

angles, the torso’s fluctuation is detectable during swing and stance time, regardless of the angle of
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Figure 6.18. Identified clusters by DBSCAN in RAM maps after removing points with zero-velocity
(a) Frame #1, (b) Frame #2, (¢) Frame #3, (d) Frame #4. The black rectangles show the subject’s direct

signals.

motion. The basis of our algorithm is the fluctuation of the torso’s velocity that speeds up and down
during the stance and swing phase. The torso’s movement is not only precise, but it provides very
distinctive information from which a straightforward peak detection algorithm can provide several gait

values [3], [53].

The STA obtains the subject's positions to extract and quantify gait parameters, as shown in Figure
6.19. Walking speed is then calculated based on the change of the subject’s position over time. The
velocity of the torso is calculated by performing a second FFT (Doppler-FFT) over the torso’s range
bin. Since the maximum velocity of the torso is achieved when the foot touches the ground (step time),
applying a peak detection algorithm to the results of the absolute value of Doppler-FFT over the torso’s
range bin, the torso’s maximum speed is obtained [101]. The corresponding time of the torso’s

maximum speed shows the time when the foot touches the ground (contact position time/step time).
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Figure 6.19. Proposed in-home gait parameter extraction algorithm.

Then, the contact position time can be obtained, which can be used to determine the number of steps
or step counts. Consequently, the average step length is the total distance/step counts. Therefore,
applying our fast and easy-to-implement gait extraction algorithm, we could extract spatiotemporal
gait values (e.g., step time, step length, step counts, speed etc.) while a subject walks randomly in a

cluttered room.
In summary, our proposed algorithms are based on these premises:

1. The velocity of stationary clutter is zero, which could be removed by subtracting the average

of signals over time and filtering detected points with zero velocity.

2. The existence of time-varying clutter or ghost is not consistent over time but varies frame by

frame
3. Signals from a walking subject are consistent over time (as long as detected by CFAR).
4. At each frame, the closest cluster to the subject’s previous cluster is the subject’s cluster.
5. The speed of the torso’s range bin fluctuates during the stance and swing phase and affects

the Doppler values accordingly, even if subjects walk in a non-straight path.

6.5.2 Measurement Results

The performance of the proposed in-home gait extraction algorithm was validated in two different

living areas (1) the RIA apartment and (2) a living room in a small apartment. For both apartments,
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similar to previous chapters, since a ground truth such as GaitRite or a Vicon system was not available,
we asked participants to step on the marked points to have reference/ true values for step length and
step counts. For the tests in the RIA apartment, two participants (two male participants with a height of
185 cm and 164 cm) were asked to follow a curvy path, as shown in Figure 6.14. Similar to the walking

tests in previous chapters, the step length was set to 70 cm in the RIA building.

The results of the in-home subject tracker algorithm are presented in Figure 6.20, demonstrating the
effectiveness of the proposed methods in eliminating ghost signals and accurately tracking the walking
subject over time. Figure 6.20 (a) shows all clusters detected by DBSCAN after removing clusters with
zero velocity, while the black curve represents the walking path. Figure 6.20 (b) illustrates the subject
clusters identified by the proposed method. The proposed method successfully tracked the subject and
removed ghost detections. To evaluate the accuracy of the algorithm, the extracted gait values were

compared to the actual values since the exact position of the subject was not known at each frame.

Table 6.3 summarizes the extracted gait values of two subjects during two walking tests in the RIA
apartment. The speed error ranges from 0.0967 m/s to 0.0012 m/s, with an average speed error of
0.0515. The average error for step count and step length was 6 and 3.5 cm, respectively. In addition to
the average value, the proposed method also shows the step time at each gait cycle, as shown in Figure
6.21. Overall, the extracted gait parameters demonstrate that the proposed in-home gait monitoring

method is almost as accurate as other methods where the subject walked in a straight line.
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Figure 6.20. Detected clusters (a) all clusters identified by DBSCAN after removing clusters with

zero-velocity (b) subject’s detected clusters. The back curve shows the walking path.
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Table 6.3. Extracted in-home gait parameters.

Speed from Speed from Number of steps Step length
radar (m/s) stopwatch (m/s) Reference: 42 (Reference value: 70 cm)
Subject 1-Trial 1 1.061 0.99 Estimated: 45 74
Subject 1-Trial 2 1.08 1.06 Estimated: 49 70
Subject 2-Trial 1 0.96 0.87 Estimated: 48 72
Subject 2-Trial 2 0.96 0.96 Estimated: 49 71
Average error 0.05 +6 +3.5
1 |
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Figure 6.21. Peak detection algorithm applied to the absolute value of the torso’s radial velocity.

All previous walking tests in this thesis were based on step lengths of 70 cm for men and 60 c¢cm for

women. The following results present the performance of the proposed in-home gait extraction

algorithm in a cluttered living room apartment, where the participants were asked to walk in marked

paths with different step lengths (30 cm, 60 cm, and 80 cm). These experiments were designed to assess

the algorithm's ability to handle step length variability since, with age, gait speed becomes slower and

step lengths shorter [169].
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Five subjects (two males and three females with heights ranging from 156 cm to 187 cm) participated
in a walking experiment in a living room. The floor was marked with designated stepping positions,
and a stopwatch was used to measure the walking speed. Each participant was required to perform the
walking test four times, resulting in a total of 60 recorded walking tests. Figure 6.22 showcases the
performance of the in-home subject tracker in following the subject's movement within a cluttered
living room. Figure 6.22 (a) shows the detected target cluster as determined by the proposed algorithm
while the subject was walking with a step length of 80 cm. Figure 6.22 (b) illustrates the subject's
position, depicted by its trajectory, and the actual path, represented by a black curve. Note that the black
curve represents an estimated, not exact, position of the subject as a reference path. Despite the subject's
curvy walking path, the proposed algorithm accurately detects the subject’s position, as seen by the
close overlap of the actual and detected positions. Figure 6.22 is an example of the results obtained
from the proposed method, showing its effectiveness while similar results were obtained in other tests.
To evaluate the proposed gait extraction algorithm, the results of the peak detection algorithm applied
to the absolute value of the torso's radial velocity are presented first. Figure 6.23, Figure 6.24 and Figure
6.25 show the subject’s torso’s absolute radial velocity for step lengths of 30 cm, 60 cm and 80 cm,
respectively. The significant differences in the value of the radial velocity of the torso are due to the
subject's curved walking path, causing a change in the relative angle between the subject and the radar,
affecting the Doppler value. These results indicate that CW radars are not accurate in estimating
walking speed when the subject walks in a curved path since the value of the Doppler will be affected

by the angle of motion. However, MIMO FMCW radars can resolve this issue by providing range,
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Figure 6.22. Subjects walking paths identified by the proposed algorithm (a) detected clusters and (b)

detected position. The back curve shows the approximate reference walking path.
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Figure 6.25. Peak detection algorithm applied to the absolute value of the torso’s radial velocity while
the subject was asked to step on the marks with 80 cm spacing. Step counts are shown by the small
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azimuth, and Doppler information on the environment. The results of the proposed gait extraction
algorithm show that the fluctuations of the torso's velocity during stance and swing phases can be
captured even though the value of the radial velocity is affected by the angle of motion, allowing for a
reliable estimation of step time and step count. This is demonstrated in Figure 6.23, Figure 6.24 and
Figure 6.25, which show the step time and step counts (the small arrows and numbers above the plot
line show step counts). For example, Figure 6.23 illustrates that the algorithm detected 47 peaks in the
plot, which represents the step time and number, while the true number of steps was 42 with a step
length of 30 cm. The algorithm estimated the step length to be 36 cm. Despite the difficulty in
maintaining a step length of 30 cm for the participant and its impact on the walking speed, the algorithm
still provided quite accurate results regarding the step counts and step length. The results for step count
and step length were more accurate in Figure 6.24 and Figure 6.25, where the step lengths of 60 cm and
80 cm were closer to normal walking patterns. The peak detection algorithm effectively identified the
step counts with an error of only 1 step for 60 cm and 0 steps for 80 cm, with a step length error of 3

cm for 60 cm and 2 cm for 80 cm.

The accuracy of the proposed algorithm in determining the walking speed was evaluated by

comparing the results of all 60 walking tests obtained from the algorithm with the values estimated
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using a stopwatch. The comparison is presented in a Bland-Altman plot in Figure 6.26, which shows
the difference between the simultaneous readings from the radar and stopwatch. The solid line at 0.0549
m/s represents the average difference between the two measurements, while the two dashed lines depict
the 95% confidence interval, known as the limits of agreement. The different colours in the plot indicate
the unique step lengths followed by participants. The difference between the two measures includes an
error inherent in the stopwatch method (as it is based on a human pressing a button). However, the
results of the Bland-Altman analysis indicate that there is a small difference (0.0549 m/s) between the

two methods.

In order to assess the accuracy of our proposed method for gait speed estimation, it is essential to
describe two common terms: minimal detectable change (MDC) and minimal clinically important
change (MCIC). MDC, i.e., smallest detectable change or smallest real change, is defined as the
smallest amount of change in the score detected by a method independent of measurement error [170].

In other words, MDC indicates the smallest change detected by a method that exceeds measurement
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Figure 6.26. Repeated measures Bland-Altman plot comparing the walking speed calculated from the
stopwatch and radar data. A given colour represents a unique step length. The solid and dashed

horizontal lines represent the bias and 95% limits of agreement.
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error. MDC is calculated as one-half the difference between the upper and lower agreement limits of
the Bland—Altman plot, i.e., one-half of the Bland—Altman agreement width [170]. MCIC is the smallest
change in the outcome measure considered important by investigators, clinicians, or other experts [170].
This value should be based on values reported in the literature or by experts and specified before

conducting experiments. A proper method of measurement should have an MDC < MCIC.

A significant number of studies have been conducted to find MCID for changes in gait speed
measurements for patients with various pathologies [115], [171]-[173]. The acceptable level of
accuracy for walking speed varied depending on various factors, such as the patient population, the

clinical condition being evaluated, and the purpose of the assessment.

The results of our study in Figure 6.26 shows that the MDC for gait speed estimation was determined
to be 0.13 m/s, with [0.19 -0.08] as a confidence interval. This value was found to align with the MCID
values reported in a systematic review [173], which showed that a change in comfortable gait speed
between 0.1 m/s and 0.17 m/s could be considered clinically significant for different types of
pathologies [173]. Previous studies also indicated that an improvement or decrease of 0.1 m/s is related

to positive or negative health outcomes, respectively [171], [174], [175].
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Figure 6.27. Repeated measures Bland-Altman plot comparing the walking speed calculated from the
stopwatch and radar data for the case of step length of 30 cm. The solid and dashed horizontal lines

represent the bias and 95% limits of agreement.
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Figure 6.28. Repeated measures Bland-Altman plot comparing the walking speed calculated from the

stopwatch and radar data for the case of step length of 80 cm. The solid and dashed horizontal lines

represent the bias and 95% limits of agreement.
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Figure 6.29. Repeated measures Bland-Altman plot comparing the walking speed calculated from the
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Further analysis was performed using the Bland-Altman method to evaluate the system's accuracy
with varying step lengths. The results, presented in Figure 6.27, indicate that the MDC for walking
speed with a step length of 30 cm was determined to be 0.14 m/s, with a confidence interval of [0.24 -
0.04]. A separate analysis of the step length of 80 cm produced an MDC of 0.1367 m/s with a
confidence interval of [0.19 - 0.08], as shown in Figure 6.28. Furthermore, Figure 6.29 demonstrates
that the MDC of 0.0689 m/s achieved from a step length of 60 cm is significantly better, being under
the reported MCID range, with the whole confidence interval below the range. Therefore, the obtained
MDOC is in line with the reported MCID values, indicating a promising capability to identify a clinically
meaningful change in walking speed. The results also showed that the MDC was significantly lower
(as expected) when subjects walked in their normal walking patterns [176]. It should be pointed out
that the results of the agreement analysis are in line with the ones obtained by [14], which used a lower-
frequency RF sensor. Also, their algorithm was based on the fluctuation of the height of a walking
subject to extract the average step length, while our method is based on the fluctuation of the torso’s
velocity during the stance and swing phases. Our method is more reliable because the resolution of the
radar might not be enough to detect all fluctuations in the height of a walking subject. Moreover, we
integrated machine learning to identify walking periods while they proposed an iterative method to
detect walking periods which is prone to failure under different conditions, for example, in a periodic

motion while vacuuming the floor.

We also looked at errors that our algorithm made when estimating the step count in Figure 6.30. To
evaluate the performance of our algorithm in estimating the step count, we compared the estimated step
count with the reference step count. The comparison results are provided in a box plot, where the y-
axis represents the error in the step count compared to the reference step count. The box plot provides
valuable information about the distribution of the error values, including the median (50" percentile),
quartiles (25" and 75" percentiles), and outliers (minimum and maximum values). The median
represents the center of the distribution and indicates the typical error value, while the quartiles give an
idea of the spread of the error values. The minimum and maximum values show the presence of outliers

and indicate the range of the error values.

When the reference step length was set to 30 cm, the median error in step count was found to be 2.5
steps. The maximum error was 10 steps, while the minimum error was 0 steps. The 50" percentile error
in the step count when the reference step length was set to 60 cm was 1 step. The maximum error was

6 steps, and the minimum error was O steps. Similarly, for the step length of 80 cm, the median error
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was 0.5 steps, the maximum error was 4 steps, and the minimum error was 0 steps. These results
indicate that the algorithm performs well in estimating the step count for reference step lengths of 60
cm and 80 cm, with a relatively low error, while the performance for the step length of 30 cm is

relatively lower with a higher error.

Besides detecting the occurrence of steps or step counts, our algorithm also estimates the average
step length. We compared the predicted step length to the reference values of 30 cm, 60 cm and 80 cm
to evaluate its performance. Figure 6.31 presents the results in a box plot with the y-axis depicting the
error in step length compared to the reference. For the error in step length of 30 cm, the median or the
50" percentile error was found to be 10 cm. The maximum error was 25 c¢m, while the minimum was
4 cm. For the error in step length with reference to 60 cm, the 50" percentile error was 4.5 cm. The
maximum error was 19 cm, while the minimum error was 1 cm. Similarly, for the error in step length
with reference to 80 cm, the 50 percentile error was 5 cm, the maximum error was 18 cm, and the
minimum error was 0 cm. This indicates that the algorithm's performance was consistent, with the

majority of errors being less than 5 cm and the maximum error being 18 cm.
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Figure 6.30. Comparison of step counts while the reference step length was set to 30 cm, 60 cm and

80 cm.
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The results of our proposed gait extraction algorithm are highly promising, showcasing its effectiveness
in accurately extracting gait parameters even in cluttered environments. The results indicate that the
algorithm is capable of accurately capturing walking speed, step count and step length. The algorithm
demonstrated minimal error in step count and acceptable error in walking speed and step length.
However, the results suggest that the algorithm is sensitive to deviations from normal walking patterns,
such as when the step length is set to 30 cm in this case. Despite this sensitivity, the algorithm's
performance is still robust enough to accurately extract gait parameters in an in-home setting, where
the walking path is not always a straight line. These results suggest that the proposed algorithm has the

potential to make a significant impact in the field of gait analysis.

It should be mentioned that MCID values were not found in the literature to compare the MDC of
the step length and step counts. However, in [177], the researchers compared the risk of death over the
follow-up period among people who took fewer than 4,000, up to 8,000, or 12,000 or more steps a day.
They also tested whether step intensity, measured by cadence, was associated with better health. It was
shown that participants who took 8,000 steps per day had a 51% lower risk compared with those who
took 4,000 per day. For general fitness, most adults should aim for 10,000 steps per day. This figure
may rise or fall depending on age, current fitness level, and health goals [177]. However, in their study,
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Figure 6.31. Comparison of step length while the reference step length was set to 30 cm, 60 cm and

80 cm.
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step intensity did not seem to impact the mortality risk once the total number of steps per day was
considered. Only an increased number of steps per day was associated with a reduced risk of death.
Therefore, our proposed device could be used to flag a person’s low number of steps taken over a day,
especially for older adults. However, the cutpoints to send an alert should be determined by a specialist.
Similarly, for step length, the value of change in step length to be flagged should be decided by a

caregiver or a specialist.

As shown in this chapter, our proposed cloud-based AI-GM&AR system not only detects walking
periods and captures gait values but also contains rich information about a subject’s daily activity level,
such as the time the subject started and stopped walking, the distance of walking, how long the subject
was stationary, how long the subject was active during a day (all other movements in addition to
walking), if the target left home, etc. Additionally, the proposed standalone AI-GM&AR system
provides a record of the subject’s activity level over time, washroom frequency and duration, and
sleep/sedentary/active/out-of-home durations accessible in the designed business intelligence
dashboard developed in Azure. These daily reports provide the level of activities of daily living used
as an indicator of a subject’s functional status [32]. The reports also could be used to collectively

describe that the subject has the fundamental skills required to independently care for oneself [178].

It is important to note that the adequacy of the results for the intended use of in-home tracking and
gauging walking speed from a clinical perspective depends on various factors such as the specific
requirements of the application, the accuracy and precision needed, and the limitations of the sensor
setup and data processing techniques used. While the results presented in the chapter demonstrate the
potential of the proposed system to track walking parameters and recognize different activities in a
home environment, further validation and testing would be necessary to establish the reliability and
validity of the system for clinical applications. Additionally, it is important to consider the limitations
of the sensor setup, such as the range and resolution of the radar sensor and potential sources of error
in the data processing and analysis techniques used. Overall, while the results are promising, further

research is needed to fully assess the suitability of the proposed system for clinical applications.

Despite the promising results of this study, there are several limitations that should be acknowledged.
First, the dataset used in this study was collected in one environment and may not fully represent the
complexities of real-world scenarios. Further testing in various real-world environments is necessary

to validate the effectiveness of the proposed system. Second, the study only focused on a limited set of
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activities, and the proposed system may not be suitable for detecting other activities that are not
included in the dataset. Additionally, the study only considered healthy individuals and may not
generalize to individuals with different health conditions or mobility impairments. Finally, the proposed
system relies on cloud computing, which may pose a risk to occupant safety if there is no connectivity

to the cloud (especially for fall detection).

Despite these limitations, this study presented a promising approach for activity recognition and
monitoring in home environments. The proposed system demonstrated high accuracy in detecting six
common activities of daily living, which could have significant clinical applications in assessing and
monitoring individuals' mobility and functional status. Furthermore, the system's ability to estimate
walking speed and other parameters could provide valuable insights into an individual's gait patterns

and help clinicians identify early signs of mobility decline.

In future work, the proposed system could be extended to include more activities and individuals
with different health conditions. Additionally, the use of multiple sensors could improve the system's
performance and enable the detection of more complex activities. Finally, the proposed system's
reliance on cloud computing could be addressed by developing an offline mode or a local computing

platform that ensures the system's reliability and safety even in the absence of internet connectivity.
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Chapter 7

Conclusions

Technologies that detect changes in gait of older adults could support the detection, evaluation, and
monitoring of parameters related to changes in mobility, cognition, and frailty, which could be used to
support more effective biomedical applications. Before such systems are possible and technological
developments can take place, we must be able to extract crucial gait parameters with high accuracy
while maintaining ease of use for practical implementation. This thesis described the development of a
low-cost mm-wave wave FMCW radar sensor that can measure walking parameters in a range of indoor
environments. Since this approach uses noninvasive wireless technologies, people do not need to wear
or carry a device on their body. Because there is no camera, feelings of privacy are more readily
supported compared to video-based methods. Compared to other gait measurement technologies, such
as GaitRite, radar technology is cost-effective and can be utilized in a home setting. In addition, there
is no requirement for physician involvement, making radar-based gait monitoring a zero-effort

technology.

7.1 Summary of Contributions

A fast and relatively easy-to-implement gait extraction algorithm was proposed to extract
spatiotemporal gait values. The gait extraction algorithm was based on the fluctuation of the torso’s
movement during the stance and swing phase, as it is one of the critical factors impacted by other
segments of body movements during walking cycles. The torso movement is not only precise, but it
provides very distinctive information from which a straightforward peak detection algorithm can
provide several gait values. Preliminary validation testing of the proposed system demonstrated that
only one FMCW radar could be used to extract spatiotemporal gait parameters. It was shown that the
torso’s range bin could be easily obtained by isolating the maximum reflected signals in a clutter-free
environment. However, the multipath signals might be stronger than the direct torso’s signals in a
cluttered environment. The challenges of gait assessment in a cluttered environment, such as a hallway
lined with metal cabinets, were addressed. Two viable solutions were proposed to eliminate the

multipath reflections: (1) radar antenna modification and (2) novel signal processing.

It was shown that an easy and low-cost method of radar antenna modification could focus the field

of view of a commercially available radar board. The results suggest that a stand-alone gait assessment
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system could be achieved using an add-on hyperbola-based dielectric lens antenna and implementing
the proposed gait extraction algorithm. The in-package lens antenna design supports relatively easy
implementation with commercially available radars. Since the system is portable, relatively easy-to-
use, and low-cost, it could be installed in a variety of living environments, including long-term care,
hospitals, or individuals’ homes, for day-to-day natural gait assessment in a way that requires no effort

from the people being monitored.

The second method was a novel algorithm with a combination of radar signal processing and
unsupervised machine learning to remove multipath effects that could be deployed for any radar type
without the need for radar sensor alteration or modification. The proposed method used the MIMO
features of an FMCW radar to find the range and azimuth heatmap of the environment along with the
Doppler information of the walking subject. Preliminary validation testing of the system demonstrated
unsupervised machine learning combined with the proposed tracking algorithm was able to track and
monitor a walking subject in a cluttered environment such as a long hallway and extract spatiotemporal
gait parameters. The relative simplicity and cost-effectiveness of this method make it a realistic

approach to monitoring gait in real-world settings, including people’s homes.

The MIMO FMCW radar was used for more complicated scenarios to address challenges in multiple
people gait monitoring. In this thesis, we reported a MIMO radar-based sensor to monitor speed of
participants’ walking before and after BR that does not require any device to be worn on the body. A
novel iterative framework based on unsupervised learning and advanced signal processing was
proposed to analyze the reflected radio signals and extract walking movements and trajectories through
a hallway. To achieve this, various advanced algorithms were developed to remove multipath effects
or ghosts created due to the interaction between walking subjects and stationary objects, to identify and
separate reflected signals of two subjects walking at a close distance from each other, and to track
multiple subjects over time. The system functionality was assessed in a first-of-its-kind study conducted
in Canada to identify how bedrest gives rise to physical deconditioning (i.e., Microgravity Research
Analogue (MRA): Understanding the health impact of inactivity for the benefit of older adults and
astronauts’ initiative). In this study, the negative impact of 14-day HDBR on older adults’ walking
speed was shown. These measurements were analyzed to compute participants’ gait speed and assess
its changes before and after BR. The proposed method allows the extraction of walking speed in

multiple closely-spaced subjects simultaneously, which is distinct from previous approaches in which
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speed of only one subject was obtained. The results show that BR promotes reductions in walking

speed.

The same radar technology was then implemented for in-home applications. A cloud-based in-home
activity recognition and walking period identification system was proposed that utilizes loT-based mm-
wave FMCW radar sensors and sequential deep learning to generate data streams of naturally occurring
human activities within the home environment. By leveraging the abundance of continuous data, the
proposed system was capable of accurately identifying the type of activity being performed by a subject.
This system represented a significant advancement in the development of autonomous continuous
human monitoring systems as it not only detects walking periods and recognizes the type of activity
but also has the potential to report on the activity level of the subject (e.g., sedentary vs. active) and

various other parameters such as washroom usage frequency and sleep duration.

To evaluate the performance of the proposed system, a dataset of millimeter-wave data was compiled
from subjects performing various activities within their own homes, representing a unique and first-of-
its-kind resource for this purpose. In contrast to existing datasets for human activity recognition and
gait analysis that have been collected in constrained, artificially controlled environments and have
focused on simple yet-realistic activities and straight-line walking periods, our dataset captured
naturally occurring human activities in a familiar and commonly used living-space environment.
Utilizing range-Doppler maps of a single subject performing various activities in their living
environment as input, a deep GRU network was trained to classify in-home activities in the cloud.
RDMs were considered as inputs for deep learning networks that resulted in more accurate outcomes
compared with STFT inputs. This is because RDMs consist of time-varying information of both range
and micro-Doppler, while STFT patterns only represent micro-Doppler features. Although the radar
used in this study provides azimuth of the subject, azimuth information was not included as inputs for
deep learning models. There were three reasons behind this: 1. The RDM method is fast and easy-to-
implement that a Raspberry Pi can handle and generate. However, to calculate azimuth, a beamforming
algorithm is a time-consuming process that is not fast enough for real-time application. 2. Adding more
features would lead to more complex models; the execution prediction time of a complex model is
longer than a simpler model. 3. RDMs provide enough features for our models to accurately predict
new classes without needing more information. For real-time applications, simplicity and processing
speed should be considered decisive and critical factors. Analyzing different deep learning models,

GRU networks were found to be faster while obtaining a similar accuracy as other, more complex
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networks. Because of the complex structure of the LSTM and CNNLSTM networks, they contain many

parameters and are slower comparatively.

For the more complex and comprehensive scenarios, although the system’s accuracy slightly
degrades for a new subject, it misidentified only a few non-walking samples as walking. Additionally,
although micro-Doppler patterns depend on the radar sensor’s relative angle with the subject, we
showed that the GRU networks could overcome this issue. Regardless of the direction of walking or
doing different activities, if the network is trained from the RDMs of various activities, it then predicts
any new scenarios. Therefore, without any restriction, we can use the proposed system for a new
subject. Moreover, a method of in-home gait extract was proposed to extract in-home spatiotemporal
gait parameters. The preliminary results show that the radar can extract gait parameters while a subject

walks in a non-straight line.

7.2 Impact of this Research

Although these results are preliminary (i.e., the small sample size in a constrained condition) and the
‘ground truth’ may have been flawed as it was recorded using a stopwatch, the results in this thesis
suggest our radar system may be accurate enough to detect clinically meaningful changes. It is noted
that findings in this thesis open new possibilities that could improve clinical practice across all people
in addition to older adults. This work demonstrates the feasibility of continuously and passively
monitoring activity at home. The monitoring device operates in the background, analyzing the
reflection of radio signals without intervention from the subject being monitored. It could record
activity levels, daily variations, and changes over time and could provide this information remotely to
a professional caregiver in a timely manner. Thus, doctors and caregivers can achieve safe and frequent
health monitoring without asking subjects to leave home or actively measure themselves and deliver
more personalized care. Further research and development are needed to optimize the system's
accuracy, reliability, and scalability in a real-world environment. This can be achieved by collecting
more extensive and diverse datasets to train and validate the system and improving signal processing
and machine learning algorithms to enhance the system's performance. In addition, the system's user
interface and data visualization tools could be designed to be user-friendly, accessible, and
understandable to both caregivers and residents. Finally, the system should undergo rigorous clinical

validation and evaluation to demonstrate its effectiveness, safety, and usability in real-world settings.
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The in-home gait monitoring system could be used as a tool to investigate behavioural symptoms
and predict the risk of hospitalization. This technology might also have clinical utility for the
assessment of individuals with Parkinson’s Disease who have traditionally been underserved, including
those who live in rural areas and those with difficulty leaving home due to limited mobility or cognitive

impairment.

The major outcome of this research is an ambient assisted living system for monitoring people
(especially older adults) at hospitals, long-term care facilities, and homes remotely. By leveraging the
wealth of continuous sensing data, the system can detect variations in activity level and gait quality.
This system is poised to be a significant achievement in the development of autonomous continuous
patient monitoring systems. The system is safe, reliable, and affordable, which could reduce healthcare
costs while also expanding medical services to hard-to-reach rural areas and increasing health equity
across the underserved population. For example, for those who have less access to expensive gait
assessment technologies, this system would provide day-to-day data on medical gait analysis, such as

the detection of gait abnormalities.

Our work also has implications for other contexts beyond home environments, such as hospitals,
rehabilitation centers, and long-term care facilities. The use of radar and machine learning could enable
remote monitoring of patients and residents in these settings, allowing for more efficient use of

resources and improved quality of care.

7.3 Limitations and Future Directions

The research presented in this thesis also has several limitations. The sample size for validation was
small. Several walking tests were conducted in constrained conditions (e.g., participants were asked to
step on a marked step). The ‘ground truth’ for walking speed may have lower accuracy as it was
recorded using a stopwatch. To enhance the generalizability of our findings, it would be valuable to
collect more diverse and extensive datasets that reflect a wider range of activities and living
environments. Therefore, future works are needed to validate all the methods and results of gait
parameters proposed in this thesis by more participants using a common standard measurement device
such as GaitRite. In addition, it should be noted that most of the walking samples used in this thesis
were collected in a controlled setting, which may not fully represent the complexities and challenges
of real-world scenarios. Therefore, future work is needed to evaluate the system's performance in more
diverse environments and with a larger and more diverse population, including those with various
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health conditions and mobility impairments. Furthermore, while our system shows promising results
for gait analysis, it is not intended to replace clinical assessments or medical interventions. Rather, it
could serve as a complementary tool to assist healthcare professionals in monitoring and assessing

patients' functional status remotely and providing timely interventions when necessary.

Second, although the results presented in this thesis demonstrated the feasibility of using radar
technology for in-home gait analysis, the testing was limited to fixed walking step lengths, which may
not accurately reflect the variability in step lengths of individuals. To fully explore the capabilities of
the radar and the proposed gait extraction algorithm, future work should include testing with a range of
gait parameters, such as varying step lengths, stride lengths, stance/swing times etc. This will help to
validate the algorithm's ability to capture gait spatiotemporal features in a dynamic and realistic

scenario.

Third, all participants were healthy, which means that the generalizability of the results to populations
with impaired gait patterns, such as older adults who walk slowly or have balance issues, remains
uncertain. However, the main applications of this work would be for older adults who might not walk
as fast as healthy people. Future research could explore the feasibility of using radar technology to track
and analyze the gait patterns of people with impaired mobility, including those who have experienced
falls or have difficulty walking. Such research could pave the way for the development of new
technologies that use radar-based gait analysis to detect falls, gait freezing, and other gait impairments,
potentially enhancing the safety and independence of older adults and others with mobility issues.
Additionally, it would be valuable to investigate the various reasons for gait impairments and how they
might affect radar-based gait analysis, as this could lead to the development of more accurate and

personalized gait analysis systems for a wider range of individuals.

Fourth, although walking speed was captured for multiple-people scenarios and validated by several
participants in the BR study, there are still several limitations to this study. In addition to the validation
method, which might be flawed by the stopwatch, other gait spatiotemporal features were not obtained
for multiple-people scenarios. Additionally, participants walked in a straight line. However, future
works are needed to explore the radar capability in extracting other gait parameters as well as speed in

a multiple-people scenario.

Fifth, the evaluation of the deep learning models was limited by the precision of the subject’s

adherence to following the requested task and their self-reported label. Labelling was a challenging
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task. The label of each class could be affected by the subjects’ activity at each frame, which could result
in some flaws in the datasets. In this regard, future work could be done for in-home activity recognition
where a camera recording is provided for a reliable labelling method. Moreover, different machine
learning techniques and sensor modalities could be explored, such as incorporating wearable sensors

or fusing data from multiple sensors.

Sixth, the in-home study was designed and tracked only one subject at a time, while in real-world
scenarios, there could be multiple residents in a home. Therefore, future work should aim to implement
multiple-person in-home activity recognition and gait monitoring systems to better reflect real-world

situations.

Seventh, in this thesis, we focused on using a single radar with a single beam due to practical
considerations such as cost and ease of implementation. But exploring the use of multiple radars or
beams could be an interesting avenue for future research to improve the accuracy and robustness of the

system.

Last, despite the promising results of using radar technology for in-home gait analysis, more
extensive testing is needed to validate its clinical potential. The current study was performed in only
two apartment buildings. Future work should aim to explore the capabilities of mm-wave-based human
activity recognition and gait monitoring in various scenarios to determine its full potential as a clinical
metric. Additionally, it would be beneficial to conduct longitudinal studies to evaluate the long-term

performance of these systems in real-world settings.

In addition to improving the accuracy and robustness of the current system, one important direction
for future work is the development of personalized activity recognition and gait analysis systems. This
would involve adapting the system to individual differences in gait and activity patterns, such as
variations in stride length, walking speed, and foot placement. By developing personalized models that
can account for these differences, the system could improve its accuracy and provide more
individualized insights into each person's gait and activity levels. One possible approach to developing
personalized models is to incorporate additional sensor modalities, such as wearable sensors or
cameras, which can capture more detailed information about gait and activity patterns. For example,
wearable sensors can provide information about body position and orientation, while cameras can
capture fine-grained details about walking style and foot placement. By fusing data from multiple

sensors, it may be possible to develop more accurate and personalized models that can adapt to
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individual differences. Another approach is to explore the use of deep learning techniques, such as
RNNs and CNNs, which are well-suited for learning complex temporal patterns in data. By training
deep learning models on large datasets of gait and activity patterns, it may be possible to develop more
accurate and personalized models that can capture subtle differences in gait and activity patterns.
Overall, the development of personalized activity recognition and gait analysis systems has the potential
to significantly improve the accuracy and usefulness of these systems, particularly in clinical settings

where individual differences in gait and activity patterns are likely to be more pronounced.

Finally, it would be beneficial to conduct longitudinal studies to evaluate the long-term performance
of these systems in real-world settings. This could involve deploying the system in a larger group of
participants over an extended period and evaluating its accuracy, usability, and impact on health
outcomes. Overall, while our work has made significant contributions to activity recognition and gait

analysis in home environments, there is still much to be explored and optimized in this field.
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Appendix A
FMCW Radar Fundamentals

Radar stands for radio detection and ranging and basically describes a method of distance measurement
between the radar device itself and objects in its field of view. In all radar systems, as shown in Figure
1, an electromagnetic signal is emitted by a transmitter, and the signal is reflected off targets of interest
at a certain range from the transmitter. Then, a receiver scans for these echoes of the transmitted signal
and identifies characteristics of the target, such as distance or position. In addition to the distance, the
received signal contains targets’ radial velocity information. Furthermore, targets’ azimuth and

elevation angles can be obtained using various antenna arrangements.

?}a"?s :
Transmitter [IX '&ed S
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N
4 Target
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L
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Figure 1. Principle of a radar system (EM signals are transmitted by transmitter antennas and received

by receiver antennas).

The distance of a target can be calculated by measuring the time between transmitted and received
waves and knowing their speed. Conventional pulse radars periodically emit a monochromatic pulse
[72]. The target's distance from the radar is determined based on the time delay between the
transmission of the signal and the reception of the echoed pulse. These systems, however, are unsuitable
for short-range measurements as a device with an extremely fast clock speed would be required to

discriminate the time delay of signals even at magnitudes of 1 meter [72].
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As one of the most promising among other radar techniques, an FMCW radar could be used to avoid
the above problem by using transmitting sinusoidal signals with a linearly increasing frequency over
time, known as chirps (compressed high-intensity radar pulse) [72]. A linear combination of sinusoid
signals with low frequencies could be achieved by multiplying the received signal by the transmitted
signal. FMCW radar systems can enable simpler hardware and architecture types and provide
information about the range and radial velocity of multiple targets by processing the observations of
beat signals [72]. Moreover, to obtain the exact position of a subject, the azimuth information of the
subject is also required. A multiple inputs multiple outputs (MIMO) FMCW radar system can provide
2D (x-y) or 3D (x-y-z) point cloud information of a subject in addition to the velocity [72].

Figure 2 is a block diagram of an FMCW radar showing a single representative Tx chain and Rx
chain (although, in practice, multiple chains are present to support multiple Tx and Rx antennas). The
local oscillator (LO) generates a linear frequency ramp (also called a chirp) transmitted on the Tx
antenna. The received signal (reflected from the scene in front of the radar) on the Rx antenna mixes
with the transmit signal to create an intermediate frequency (IF) signal. An analog-to-digital converter

(ADC) then digitizes the received IF signal for subsequent processing.

Chirp
Tx Antenna !
Transmitted «---- ‘7 i
chir v Local
Rx Antenna Osillator
Received ----» K7
Signal

s 3

Digitized

Received Data
IF Signal

Figure 2. Block diagram of an FMCW radar reproduced from [77].
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In a Time Division Multiplexed (TDM) MIMO FMCW radar, a sequence of chirps is sent in a frame
from different transmit antennas. Each chirp consisting of a sinusoid signal with swept frequency from
(carrier frequency) f; to fc +B with the bandwidth of B= fy..x - fmin determines the capability of a radar
system to resolve separate targets that are close together in range. The received signal is then correlated
with the transmit signal creating a beat signal with a frequency of f;, containing information about the
illuminated scene. In Figure 3, the transmitted and received signals of an FMCW radar and the

corresponding beat frequency are shown [73].

Frequency

- s~ M el P e o

Time

i

Figure 3. Transmitted, received, and beat signals in an FMCW radar.

Time
Transmitted signal ———— Receive signal

In an FMCW radar, having “up chirps” (i.e., only positive-slope chirps) for a transmitted signal s(?),
the received signal at /" antenna element reflected by the target x,(2) can be modelled as (assuming that

the target is a single point target) [73]:

. \%4 1
5t pot) =B expl—fQ fyf ,+ 225 g+ Ay 1)+ €11, ()
where #rand ¢, are fast and slow time indexes, b; and o; are the channel’s mismatched magnitude and
phase, and f;, is the beat frequency. The beat frequency is the frequency of an (IF) signal produced by

an object in front of the radar located at the range of R calculated by

fb=S27R )

where S is the rate of increase in the frequency of the sinusoid, and c is the speed of light in free space.

Moreover, v, Amax, T, Ayi(tstsy), and es(t;t) in. (1) are the target’s radial velocity, the wavelength

corresponding to the start frequency of the FMCW ramp, the phase shift at I receiver due to the angle
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of arrival (AoA), the residual phase noise and the additive noise, respectively.

The range of an object is limited by IF bandwidth supported by the radar device written as:

Sy 3)
Rmax =C 2S

where fymar 1s the maximum supported IF bandwidth. Since the fi.. is also dependent on the ADC

sampling frequency, an ADC sampling rate of F limits the maximum range of the radar to

_ K
Ro =€ 3¢

Since the range estimation of a detected target in the FMCW radar is primarily dependent on the

(4)

frequency resolution of the Discrete Fourier Transform (DFT) performed on the base-band signals, the

new range resolution of the radar is given by

AR=—. ©
2B

In an FMCW radar, to resolve objects in range, the Fast Fourier Transform (FFT) is performed on
the beat signal (range-FFT) that provides the relative radial distances (i.e., range) of various objects
scanned by the radar. Fourier Transform converts a time domain signal into the frequency domain. Fast
Fourier transform (FFT) processing on the digitized samples resolves objects in a range such that the
frequency of the peaks in the range FFT directly corresponds to the ranges of various objects in the
scene. As illustrated in Figure 4, multiple objects in front of the radar will create multiple reflected
chirps at the Rx antenna and multiple IF tones, which result in multiple strikes in the IF frequency

spectrum. Therefore, range information of targets could be obtained by applying range-FFT to the

received signals.
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Figure 4. Range processing of consecutive chirps. The range of multiple targets is obtained in the

frequency domain by applying range-FFT.

Moreover, to obtain the velocity information of an object, a sequence of chirps separated by T (T

=1+T), called a frame, is required. The frame structure in an FMCW radar is depicted in Figure 5. The

range-FFTs corresponding to each chirp will have peaks in the same location but different

-

Cif C;

C

-

Frame Periodicity

I
Cy Cni 4 Cu Inter Frame €14 C. A4 Cs Cy Cna Cw
| Time v

Figure 5. Frame structure in an FMCW radar system.
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phases. The measured phase difference (w) corresponds to the motion of the object of v - T.
Therefore, performing the second series of FFTs (Doppler-FFT) across the chirps, the velocity
of objects can be calculated by [73]

4mvT, Ao (6)
= =y=—-.
A 4rT,

To calculate the unambiguous range of velocity, the phase of the signal should be less than 7, which

0]

1S written as:

|w]| < 7z:>v<%. ™

c

Thus, we require closely spaced chirps (shorter Tc) to detect higher velocities. The velocity resolution
(Vres) s inversely proportional to the frame time (7)) or the number of chirps (V) per frame given by
There are several defining characteristics of a chirp affecting the operating conditions of an FMCW
radar in specific ways. A chirp structure in an FMCW radar is illustrated in Figure 6, along with defining
parameters. Note that the characteristics used to configure a chirp, as well as their effects on the

operation of the radar, are outlined in Table 4.1.

Chirp Cycle Time

Tur T start A DN mpling

ADC Sampling Time

- Freq Slope
ADC

|
' /
I
| L)
—_—
Freq Start |

Ramp time I

T:l-c Start Time Transmitter is ON

Figure 6. Chirp configuration in FMCW radar systems.
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Appendix B

Short-Time Fourier Transform

Short-Time Fourier Transform (STFT) is as written by [73]
2

p
STFT(t,f) = z w(n)x(t — n)e /2mM (1)
n=0

where w(n) is the window function and x(?) is the signal to be transformed.

In this thesis, we used a Hamming window centered around zero with a P length set to 256.
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Appendix C

Capon Beamformer

To locate an object in a 2D space, the angle of the object is required along with its range. Estimating
the angle of arrival of an object requires at least two receiver antennas. To calculate the AoA (angle of
arrival) of an object, at least two receivers, separated by a distance of d, are required. As shown in
Figure 7, the reflected signals from an object (at an angle 6 with respect to the radar) arriving at each
successive receiver are delayed by dsin(6). This delay causes a phase shift of @ = (22/A)*xdsin(6)
between the signals received at the two receivers. Because the phase difference, ®, can be uniquely
estimated only in the range (—x, ), it follows by substituting ® = = that the unambiguous field of view
of the radar is achieved with an inter-antenna distance of d = A/2.

To estimate the AoA of a target, several algorithms have been proposed and analyzed thoroughly.
The Capon approach has been among many well-known algorithms for the AoA determination of
incident signals using an array antenna structure. The Capon beamformer is a spatial filtering technique
that can estimate the AoA of signals in the presence of noise and interference. It works by forming a
set of weights for the array elements that maximizes the signal-to-interference-plus-noise ratio (SINR)
of the received signal. The basic idea of the Capon beamformer is to find the optimal set of weights for
the array elements that minimizes the output power while satisfying a constraint on the desired signal
power. The optimal weights are obtained by solving an optimization problem that involves the inversion
of a covariance matrix of the received signals. The Capon approach estimates the AoA by reordering
terms in (1) and stacking the received signal from all receiver channels in a column vector. It can be

expressed as [72]:
xi(tr,t5) = ei(ty ts) + T -a () - y(v, fy, tr, ts) - s(tp, t) (1)
where I, @, and y are defined as follows:

by-e7i%1 0 0 e-its

0 0 b, -e L

=i
Il

2

e JTL
and

2vtg
Amax

" ) _ e—j[anb-ts+ +Alp(tf,t5)]
o) =

y (v forty, (3)
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Here, 0 is the angle of arrival (AoA) of the target, I" depends on the channel gain/phase mismatches,
and a depends on AoA, which is called the steering vector. If there is more than one target at different
ranges, i.e., with different f;, then the received vector is the summation of all the vectors received from

each target given by
xi(tr.ts) =e(tr ts) +T-A0) - Y, fo tr ts) @)

where A is a matrix with K number of targets that has columns corresponding to the steering vector of
each target. Yis a diagonal matrix with the elements of y (v, f3, tr, ,,). In (4), the vectors 4, v, and fjare
the unknown parameters of the target; however, only elements of 4 are functions of receiver channel
indexes. Hence, matrix Y does not contribute to the covariance of x. In fact, the covariance matrix of x
can be computed in the following manner when the additive noise is uncorrelated to Y-

R=E(x-x")=pP;-T-A4(0)-A"(0)-TH +R, 5)

where Ps is the power of signals, and R, is the noise covariance, which is a positive definite matrix by
assuming that the noise at each receiver is independent of the others. Moreover, the first term in the
covariance of (5) is positive definite since 4(0) is a Vandermonde matrix with positive kernels [72].
Therefore, R is a positive definite, which is invertible. The Capon output filter spectrum is computed

as
a

*O) =@ R a@) 6)

With the azimuth information of the target obtained from the capon beamformer and the range
calculated from the range-FFT, a range-azimuth heat map of the subject is obtained. The range-azimuth

heat map represents the density of reflected signals in the environment.

The Capon beamformer has several advantages over other beamforming techniques. It can handle
multiple signals with different DOAs and frequencies, and it can adapt to changes in the environment
and signal statistics. It also provides high spatial resolution and accuracy, and it can suppress
interference and noise sources that are closely spaced to the desired signal. However, the Capon
beamformer has some limitations and challenges, such as its sensitivity to errors in the covariance
matrix estimation, its high computational complexity, and its poor performance in the presence of non-

Gaussian noise and distortion.
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Figure 7. Angle estimation using two receiver Antennas.
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Appendix D
MIMO Radars

Single-input-multiple-output (SIMO) radar refers to a radar device with a single Tx and multiple Rx
antennas. The angle resolution of a SIMO radar depends on the number of Rx antennas. For example,
a device with four Rx antennas has an angle resolution of about 30°, while a device with eight Rx
antennas has an angle resolution of about 15°. Therefore, a direct approach to improving the angle
resolution requires increasing the number of Rx antennas. This approach has its limits because each
additional Rx antenna requires a separate Rx processing chain on the device (each with an LNA, mixer,

IF filter, and ADC).

State-of-the-art radars have a low angular resolution determined by the antenna aperture [32], [34],
[72]. The resolution attained through conventional beamforming cannot break this physical limitation.
Therefore, these radars adopt a MIMO radar approach to achieve higher angular resolution at a smaller
aperture and a feasible number of channels. MIMO refers to a radar with multiple Tx and multiple Rx
antennas. Superresolution methods that are successfully used in military applications, such as MVDR
(Minimum Variance Distortionless Response) and MUSIC (Multiple Signal Classification), are
implemented in these radar systems. MUSIC is a spectral analysis technique used to estimate the AOA
of radar signals, while MVDR is a beamforming technique used to improve the quality of radar
measurements in the presence of interference and noise. Both techniques can be used to estimate the

AOA of radar signals, but they are based on different principles and are used in different applications.

The angle resolution of a MIMO radar with Nt Tx antennas and Nrx Rx antennas (with proper
antenna placement) can be equivalent to that of a SIMO radar with Ntx X Nrx Rx antennas. The MIMO
radar, therefore, provides a cost-effective way to improve the angular resolution of the radar. The
principle of MIMO radar is illustrated in Figure 8. By transmitting a sequence of pulses with different
frequencies and phase offsets from each antenna and then using the received signals to form a virtual
array of antennas with a larger aperture than the physical antennas, the radar can achieve spatial
multiplexing or beamforming. For example, to separate two targets at the same range and velocity but
with different angles of arrival, the radar uses spatial filtering to separate the signals from the two
targets. Spatial filtering is a signal processing technique that uses spatial information from multiple

antennas to separate the signals from different sources. In the case of the MIMO FMCW radar, the
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Figure 8. Principle of MIMO Radars. Using MIMO radar, we can create a virtual channel to increase

the angular resolution.

received signals from each antenna are combined to form a virtual antenna array. The spatial filtering
is then applied to the received signals to separate the signals from the two targets. Spatial filtering can
be done using various techniques such as matched filtering, least-squares estimation, or compressive
sensing. Another possible approach is to use a waveform diversity technique, such as frequency-
hopping or phase-coded waveforms, to separate the signals from the two targets. In this case, the radar
transmits a sequence of pulses with different waveform characteristics from each antenna and then uses

the received signals to estimate the range, velocity, and angle of arrival of each target.

Waveform diversity techniques use different waveforms with varying frequency or phase
characteristics to separate the signals from different targets. This technique requires careful design of
the waveforms and signal processing algorithms to ensure that the waveforms are distinguishable and
do not interfere with each other. However, it offers the advantage of being able to use a simpler antenna
layout and potentially better separation of targets with similar range and velocity but a different angle

of arrival.
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In general, the choice of technique depends on various trade-offs such as performance, complexity,
and cost. A detailed analysis of the system requirements, constraints, and available resources can help

select the most appropriate technique for a given scenario.

For example, in the scenario pictured in Figure 5.48, the angular resolution of the MIMO FMCW
radar after forming the virtual array is around 15°. This means that the radar can only distinguish two
targets that are separated by at least 15°. At a range of 15 m away from the radar, the minimum
separation distance between the two targets that can be discriminated is more than 3 m, which is larger

than the actual distance between the walking subjects of 50 cm.

This suggests that additional techniques are needed to separate the two targets. One possible approach
is to use more advanced signal processing techniques such as super-resolution algorithms such as
Capon's method, MUSIC and ESPRIT (Estimation of Signal Parameters via Rotational Invariance
Techniques), which can improve the angular resolution of the radar beyond the physical limit of the
antenna array. Another approach is to use multiple radar systems with different antenna layouts or

operating frequencies and then combine the received signals to achieve better separation of targets.

In addition, to signal processing techniques, it is also important to consider the design of the radar
system itself. Factors such as the antenna layout, the waveform characteristics, and the power levels of
the transmitted signals can all affect the performance of the radar in separating closely-spaced targets.
Therefore, a careful design of the radar system and a thorough analysis of the system requirements and

constraints are essential for achieving the desired performance in such scenarios.

While various techniques have been proposed to discriminate closely-spaced targets in radar systems,
the effectiveness of these methods depends on the specific scenario and radar sensor being used. In our
case, we used an FMCW MIMO radar, but even with a Capon beamformer, the achievable angular
resolution was not sufficient to separate two closely-spaced walking subjects. To address this limitation,
we developed an advanced signal processing and association method to successfully separate the two

walking subjects that were less than 50 cm apart and extract their respective walking speeds.
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