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Abstract

In this thesis, a gait measurement system using a continuous wave (CW) microwave radar was devel-
oped. The aim was to investigate the reliability of the system in the estimation of gait parameters
in a simulated home environment where clutter was present, relative to an ideal environment without
any clutter present. A total of 87 measurements were taken with four different gait patterns consid-
ered: slow pace, medium pace, fast pace, and limping. The tests were performed in three different
measurement scenarios: one being an ideal environment without any clutter and the other two being
a simulated home environment with a clear and obstructed line of sight. In total six gait parameters
were extracted from the measurement data and these parameters were validated using video record-
ings. The results indicate that the presence of clutter has a very minor impact on the accuracy of the
estimated parameters relative to the system accuracy in the ideal environment, and that the accuracy
of the estimated gait parameters is instead far more dependent on the quality of the measurements

and the accuracy of the system.
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Chapter 1

Introduction

This chapter introduces the application of radar for the purpose of gait measurement within a home
environment is introduced, along with a background of the subject and the existing methods for
measuring gait. The chapter concludes with the project aim and an outline of the thesis.

1.1 Background

The worlds population of elderly adults over the age of 60 has been growing steady for over a century
[1, 2], and is predicted to reach a size that is 50% of the population of adults over the age of 20 by
the year 2050 [1]. This means that there is a growing set of people that su er from a variety of health
conditions that are related to ageing, including conditions that a ect a persons cognitive state. These
include neurodegenerative disorders such as Parkinson's disease, which is the second most common
age-related neurodegenerative disorder after Alzheimer's disease and is estimated to cost nea#ly2
billion per year in the USA [3, 4]. This population also su er from an increased fall risk, with more
than one in four adults over the age of 65 falling each year [5, 6]. Falls are the leading cause of death
for that same age group and in the USA the total medical cost for falls is ovef50 billion [6, 7]. If these
conditions could be detected and diagnosed in their early stages then the onset of these conditions
could be delayed, or in some cases prevented, by implementing the appropriate early intervention.
[3, 8, 5].

The conditions that are mentioned above are among other things characterized by impairments
in the gait, which refers to the movement pattern of a persons body and limbs that they adopt as
they are walking [3, 5]. For example, the gait of people with Parkinson's disease tends to be shuing
with small steps [3]. It has been shown that in order for gait to be safe and e ective it requires
input from higher cognitive ares, and that these areas overlap with other cognitive domains such as
executive function and memory [3, 8, 9, 5, 10]. This means that any conditions that would cause
impairments in any of these cognitive domains would also manifest as impairments in the gait [9].
Thus by monitoring the gait of elderly adults over time for early changes would enable the prediction
and diagnosis of future cognitive impairments. However, these early changes are too subtle to be
detected by the human eye and thus a more detailed assessment is required which is usually performed



1.2. EXISTING METHODS FOR MEASURING GAIT CHAPTER 1. INTRODUCTION

using specialized equipment in a gait lab [9, 5, 7]. The measurements performed in gait labs are very
accurate but are also costly, time consuming, and require the support of trained personal to operate
the equipment [8, 7]. Additionally, a persons gait changes when their full attention is dedicated to it
compared to their natural gait, which is why gait tests are often preformed as dual-task tests where a
simple task such as counting is performed in conjunction with walking [5, 7, 11]. The gait must also
be measured very frequently in order to detect the long term changes that would be used to assess and
predict cognitive impairments. Thus, due to the resource demand of gait labs and the measurement
frequency requirement for detecting the early changes in the gait, it would be unfeasible to monitor
the gait of every elderly through the use of gait labs. It would be far more practical to install a system
within the home that could then continuously monitor the gait of the inhabitant. This would then
allow the elderly to remain within their homes for a longer time, which is something that many desire
to do [1]. There is thus a need for a system that can be deployed within a home environment and is
able to measure and asses the gait of the inhabitant.

1.2 Existing methods for measuring gait

Many di erent types of systems have been investigated for the purpose of in-home gait measurement,
which can broadly be divided into wearable and non-wearable systems [12, 13]. The wearable systems
measure the gait of the subject though several sensors, for example accelerometers, that are each
attached to speci c locations on the body, such as feet, knees, etc. [7, 13, 14]. These types of systems
have been shown to be very accurate but su er from certain drawbacks that make them inadequate
as in-home gait monitoring systems [7, 12, 13, 15]. One major drawback is that these systems depend
on the subject's continued remembrance and cooperation regarding the attachment of the sensors,
and that they attach them correctly [7, 12, 13, 15]. Some other drawbacks are that they could be
destroyed if dropped or sat on, they have a short battery life, and that their presence on the body
could potentially a ect the gait [7, 12, 15].

The non-wearable systems measure the gait of the subject using sensing technologies that are not
attached to the body. These types of systems include in-ground force platforms and camera-based
systems operating at visible or infrared light [7, 12, 14, 16]. The benet of these types of systems over
wearable systems is that they are able to measure the gait without the attention or cooperation of the
subject. However, they have their own drawbacks as well. The in-ground force platforms have a range
that is limited to their own surface and would be cumbersome to install [8], while the camera-based
systems provide better coverage than the platforms but are still limited to single rooms and would
thus require several cameras to cover a home [13]. In addition, the infrared cameras often require that
their entire body is within the eld of view and the video cameras are easily a ected by poor lighting
conditions, occlusions, and clothing [8, 7, 12, 16]. The camera systems also su er from perceived
privacy concerns as many people are uncomfortable with being constantly monitored in their home
[12, 15, 17].
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1.3 Radar for gait measurement

In recent years, radar systems have been gaining more attention as a more preferable alternative as
an in-home gait monitoring system [8, 12, 13, 16, 18]. This is because radar systems provide the
same bene ts as non-wearable systems, along with being privacy preserving and being able to operate
e ectively without being a ected by lighting, occlusions, or clothing [8, 13, 17, 18, 19]. These systems
measure the gait by analysing the small, time-varying Doppler-shifts in the return signal that are
caused by the movement of the subjects body and limbs, referred to as micro-Doppler signatures
[13, 17, 18, 20]. Several di erent types of radar systems have been investigated for this purpose across
many studies. As examples, these include the following works; Saho et al. used a continuous wave (CW)
radar to extract certain velocity parameters from the micro-Doppler signatures and investigated their
associations with the cognitive functions of the elderly [8]. Seifert et al. were able to reliably extract ve
spaciotemporal parameters and three kinematic paramenters from the micro-Doppler signatures using
a ultra wide-band (UWB) radar [12]. Wang et al. were successful in extracting some gait parameters
such as torso velocity and step time using a pulse-Doppler radar [7]. However, the majority of previous
studies that have investigated and validated radar-based gait measurement, including those mentioned
above, have only preformed their experiments under ideal conditions within a lab. In these studies
the subjects walked toward and away from the radar without any other objects that could cause
interference present in the space. Very few studies have actually tested their systems reliability within
a home environment [21], even among those that are speci cally concerned with in-home gait analysis
[7, 16, 17].

1.4 Aim

The aim of this thesis is to develop a radar-based gait measurement system and investigate its e cacy
and reliability as a continuous monitoring system within a home environment. The main objectives of
this thesis include:

Develop a system that is able to detect the return signal from the target and extract the micro-
Doppler signatures from that signal.

Determine the reliability of the system when the monitored space contain stationary objects
commonly found in home environments, such as tables, chairs, etc.

Investigate strategies to improve the reliability of the system by employing di erent signal pro-
cessing techniques.

Suggest additional features and improvements upon the system that would enhance the perfor-
mance of the system which could be the subject of future works.
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1.5 Thesis outline

This thesis has the following outline: Chapter 1 provides an introduction to the topic and describes
the aim of the thesis. Chapter 2 describes the theory behind radar measurements using CW radar,
along with the data structures that are computed from the radar return signal. Chapter 3 describes
the equipment and software used in this thesis, how the measurement data is processed in order to
extract the gait parameters, and what tests are performed to validate the developed system. Section 4
presents the results of the tests. In Chapter 5, the results from the tests are discussed along with data
that was not included in the results and possible sources of error. Chapter 6 presents the conclusion
of the thesis.



Chapter 2

Theory

This chapter begins with a description of how human gait is modeled and how gait is related to
cognition. It then presents the underlying theory behind radar measurements using CW radar, followed
by the data representations that are used for extracting the gait parameters from the measurement
data. The chapter concludes with a basic introduction to the Wavelet transform and its application
in data denoising.

2.1 Gait and its relation to cognition

In order to analyse the movement pattern that is human gait it is modeled as a set of spatial, temporal,
and velocity parameters. Due to the periodic nature of the gait, these parameters are all characterized
by the heel-strikes and toe-o s that occur within a single gait cycle, which is de ned between the
heel-strike of either foot to the next heel-strike of the same foot [12]. The heel-strike occurs when the
heel rst makes contact with the ground while the toe-o occurs when the toes just loses contact with
the ground. Two consecutive heel-strikes of opposite feet de nes a step while two consecutive heel-
strikes of the same foot de nes a stride. This means that a single gait cycle contains the occurrence
of two steps or one stride. Figure 2.1 illustrates how the spatial and temporal parameters are de ned
in the gait cycle [5, 11]. Regarding the spatial parameters, the step length is the distance covered
by a single step [12], the stride length is the distance covered by a stride [12], and the step width
is the normal distance between steps. Regarding the temporal parameters, the step time is the time
period for a single step [12], the stance time is the duration where the foot is in contact with the
ground [12], the swing time is the duration where the foot is traveling through space [12], and the
stride time is the duration of a stride [12]. The velocity parameters include the step velocity which
is the maximal velocity achieved by the foot during a step [12]. Since a human does not walk with
perfect consistency, the parameters are given by the mean over multiple steps while the variability of
the parameters are given as the standard deviation of the measurements [11]. The asymmetry of the
spatio-temporal parameters relating to the steps (Step time, Step length, Stance time, Swing time)
can also be determined as the mean di erence between the two steps of a gait cycle.

The gait of a human can be further modeled by grouping parameters into gait domains. One such
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model with the domains Pace, Rhythm, Variability, Asymmetry, and Postural control is presented in

Table 2.1, along with the associated parameters and their units [10]. As mentioned in Section 1.1,
it has been shown that gait requires input from higher cognitive domains and that these domains
overlap with other cognitive domains such as those associated with executive attention and memory
[3, 8,9, 5, 10]. Thus any pathology that would cause impairments in these cognitive domains would also
cause the gait to change accordingly. However, the di erent aspects of the gait are not all connected
to the same cognitive domains, and since the cognitive domains are a ected di erently depending on
the pathology the changes in the gait manifest in di erent gait domains [10]. For example, changes in
the Pace domain was predictive of decline in executive function [9, 10], changes in the Rhythm domain
was predictive of decline in memory [9, 10], and changes in the Variability domain was predictive of

Right Left Right

heel- heel- heel-

strike strike strike
ffffffffffffffffffff m"_ﬁﬂﬂﬁeﬂﬁﬂﬁk”f”m

Stride width
I o D P _ Lm_—___ .
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(a) De nition of the spatial gait parameters based on the placement of the feet

Right Left Right
heel- Left heel- Right heel- Left
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L Right stance time %F Right swing time —i
| | | |
% Left swing time =+ Left stance time ————

—— Right step time

——  — Left step time
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—— Right stride time ; -
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(b) De nition of the temporal gait parameters based on the instances of the heel-strikes and toe-0 s

Figure 2.1: Diagram illustrating the de nition of the spatio-temporal gait parameters

an increased risk of falling [9].
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Table 2.1: Table of some gait parameters, the associated gait domains, and the units of each parameter

Gait domain | Parameter | Unit
Step velocity m/s

Step length m

Pace Step time variability ms
Step swing time variability ms

Step stance time variability ms

Step time ms

Rhythm Step swing time ms
Step stance time ms

Step velocity variability m/s

Variability Step length variability m
Step width variability m

Step time asymmetry ms

Asymmetry Step swing time asymmetry | ms
Step stance time asymmetry | ms

Postural control Step width m
Step length asymmetry m

2.2 The principle of CW Doppler radar

The way that CW Doppler radar systems performs measurements is by transmitting a single frequency
signal continuously for the entire duration of the measurement [22]. This means that these systems
cannot determine the range of the target and are thus only able to measure the relative displacement
of the target through the Doppler e ect [22]. Due to this lack of range information it also means
that this type of radar is incapable of distinguishing between di erent targets, so it is only suited
for monitoring a single person. However this also means that it becomes simpler to process the data
since the frequency contents of the return signal will only contain frequencies caused by the relative
displacement of the target, with the addition of some noise.

The signal that is transmitted by the system s;(t) is given by [16, 19]

si(t) = Acos(2f .t) (2.1)

where f is the carrier frequency of the signal andA is the amplitude. When this signal illuminates

a person, the movements of the limbs and body will cause a frequency shift in the scattered signal
in accordance with the Doppler e ect [16, 17, 19, 20]. Since the various body parts move at di erent
velocities they will cause di erent frequency shifts, which are referred to as Doppler shifts or Doppler
frequencies, turning the return signal into a superposition of frequency modulations that will vary with
time, which are the previously mentioned micro-Doppler signatures [16, 19, 17, 20]. The return signal
s (t) can then be represented as [16, 19]

X
si(t) = icog2 (fo+ fP)t) (2.2)

where ; is the path loss of the scatter component from theith body part and f P is the Doppler shift
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caused by that body part. When the return signal is detected at the receiver it is then down-converted
into its baseband representation, which is expressed as [16]:
X
s(= el (2.3)
i
The remaining frequency contents of the signal will thus only consist of the micro-Doppler signatures
which can be used to estimate the velocities of the moving body parts by utilizing the relationship [16]

o 1200 2400 2.4)

where v; (t) is the Doppler velocity that generated the ith Doppler shift and c is the speed of light.
By rearranging this equation the Doppler velocity of the ith body part can be calculated from the

corresponding Doppler shifts as
D
v @5)

2.3 Data representation of gait

Since the micro-Doppler signatures are frequency modulations within the signal, the frequency contents
must be analysed in order to extract them. The usual method for this kind of analysis is to apply the
Fourier transform (FT) to the signal [16, 19]. However, the FT represents the frequency contents of
the signal for the entire duration and thus loses any sense of time-localization, i.e are the previously
mentioned micro-Doppler signatures [7, 16, 19]. This aspect of the FT makes it unsuitable for analysing
the micro-Doppler signatures since they very localized in time. Thus, in order to capture the time-
varying nature of the signatures they must be analysed using a joint time-frequency representation
(TFR), which depicts the frequency behavior of the signal that is local in time [16, 17, 19]. The
most common TFR is the Spectrogram which is the squared magnitude, and thus the energy, of the
Short-Time Fourier Transform (STFT) [16, 17, 19]. The STFT is an intuitive solution to circumvent
the lack of time-localization in the FT, which involves applying a sliding window function to the signal
and then computing the FT of the windowed signal [19]. The sample o set between each successive
window determines the time resolution of the STFT, while the frequency resolution of the STFT is
determined by the length of the window function since the frequency resolution of the FT is related to
the inverse of the time duration of the signal it is applied to. Thus a small window will provide a ne
time-localization but a coarse frequency resolution, and vice versa for a large window. This must be
taken into account when choosing the size of the window so that the frequency contents of the signal
are properly resolved while maintaining a good time-localization. The Spectrogram is computed as

[7, 16]
1 2

S(n; k) = w(m)s(n + m)e 12mk=K (2.6)

m=0
wherew is the sliding window, m =0;1;:::;;M 1 is the sample index of the window,M is the length
of the window, s is the signal,n = 0;1;:::N 1 is the sample index of the signalk = 0;1;::K 1
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is the frequency index. The horizontal axis of the Spectrogram correspond to time and the vertical
axis correspond to Doppler frequency. The Spectrogram can be used to compute the envelopes of
each moving body part, i.e torso, knee, foot. The envelope of a body part is a time domain signal
that encapsulates the Doppler frequencies from the micro-Doppler signatures that are caused by that
body part, which can be used to determine the velocity pro le of the body part after the envelope is
converted to velocity according to equation (2.4).

From the Spectrogram another data structure is derived called the Cadence Velocity Diagram
(CVD) [16, 20], which is computed by taking the FT of each discrete Doppler frequency in the Spec-
trogram. This preserves the vertical axis as the Doppler frequency while transforming the horizontal
axis into the frequency domain [16, 20], referred to as the Doppler repetition frequency. Thus, the
CVD represents the repetition frequency of certain Doppler shifts, which better enables the analysis of
the periodic patterns that are inherent to human gait, such as the torso velocity, the average velocity
of the body, and the cadence, the number of steps per second. The torso velocity is related to the
Doppler frequency with the highest energy in the CVD, because the torso re ects the most amount of
energy, which will be very close to the DC component of the Doppler repetition frequency since the
torso motion is almost constant and thus causes very low oscillation in the Doppler shift. For a similar
reason, the cadence is related to the fundamental frequency of the Doppler repetition frequency in
the case of unaided gait i.e. no cane, because the leg motion re ect the most amount of energy, and
has the most prominent oscillation in the Doppler shifts, after the torso. The reason for the CVD
being a better method for analysing the periodic patterns of the gait is because representation of these
patterns in the CVD is time-invariant, which means that it is not dependent on where in the gait cycle
that the measurement begins and ends [16]. Contrast this with, for example, determining the cadence
using the Spectrogram which is completely dependent on the correct identi cation of the number of
steps present within the measurement, which will necessitate the identi cation of partial steps since
the measurement window is unlikely to perfectly align with the gait cycles, and it is also unlikely that
the cadence of the target would perfectly t an integer number of steps within the measurement. The

CVD is computed as [16, 20]
K 1 ,
C(;k) = S(n;k)e 12n=t (2.7)
n=0
wherel =0;1;::;;L 1 is the index of the Doppler repetition frequency and the other are the same as
those from the computation of the Spectrogram in equation 2.6.

2.4 Basics of the Wavelet transform

In this project the Wavelet transform was used to denoise the measurement data, and thus a very
basic explanation of the underlying theory behind the Wavelet transform and its application in data
denoising is presented in this section.

The Wavelet transform is a method for analysing the frequency contents of a signal that depicts
the dominant frequencies of the signal at di erent time scales [23], and has applications in image
compression and in signal processing, which includes the denoising of data [23]. The transform provides
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an adaptive time-frequency resolution in the sense that it has a constant relative bandwidth, which is
what enables it to depict the frequency content of the signal at di erent time scales. This means that
the small-scale features of the signal are analysed using a ne time resolution and a coarse frequency
resolution while the reverse is used to analyse the large-scale features [23]. By contrast, the STFT
has a constant time-frequency resolution because the analysis is carried out using a sliding window of
constant size, and is thus locked to a single time scale.

The rst step in the transformation is to apply two sliding lters to the data, the wavelet function
and the corresponding scaling function, which essentially operates as a high-pass and low-pass Iter
respectively [23]. This results in two separate data sets, where one contain coe cients that represents
the features on the smallest scale while the other contain coe cients that represents an approximation
of the data, which can be thought of as high-passed and low-passed versions of the data [23]. The two
Itered data sets are then downsampled by a factor of two which is done in order to avoid redundancy
[23]. Performing this step would cause aliasing if applied to the Fourier transform but the Iters used
in the previous step are constructed in such a way that it does not occur [23]. This procedure is then
repeated for the desired number of iterations, with the approximation, or the "low-passed" data, now
considered as the new input data [23]. The resulting data set has the same size as the original data,
and is composed of a number of coe cients that represent a coarse approximation of the data and
then a sequence of ner and ner details [23]. An example of the transform procedure is illustrated
in Figure 2.2 where three iterations are used, and the symbol#\; and D; correspond to the coarse
approximation and the details of each level of data decomposition within the transform. The inverse
transform is basically the reverse of the iterative process where the approximation and the coarsest
details are upsampled, Itered, and added together [23]. This process is then repeated for the same
number of iterations as was used in the original transform.

The adaptive time-frequency resolution, and the non-redundancy of the Wavelet transform, results
in a very important property: the majority of the information that is contained in the data is concen-
trated into a few large Wavelet coe cients, while the noise is spread out over many small coe cients
[23]. It is this property that makes the Wavelet transform so useful for data denoising, because by
identifying the small coe cients within each set of details in the transform using a threshold and then
setting the small coe cients to zero, the noise is greatly reduced without a ecting any of the important
information in the data [23]. The reason the threshold is not applied on the approximation is because
that would alter the general structure of the signal data which wound in turn change the information
encoded within it. The noise threshold T; of each detail level is computed as [23]:

T = K(N) (2.8)

K(N) = P 2N (2.9)
— 1 .

= Ge7aEMADDig (2.10)

where N is the size of the transformed data and MALCXD;g is the median absolute deviation of the
coe cients in the detail data of level i.

10
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Figure 2.2: Block diagram of the data decomposition in the Wavelet transform.
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Chapter 3

Methodology

This chapter introduces the equipment and software that was used to perform the radar measurements
and process the measurement data. It then describes how the data is processed and how the gait
parameters are extracted from the resulting data structures. The chapter concludes with a description
of the tests that were conducted and how the ground truth, the reference values that are assumed to
be true and to which the extracted parameters are compared to, was determined.

3.1 Equipment

The radar system that was utilized in this thesis was the USRP-2901 which is a Software De ned
Radar (SDR) system made by National Instruments, shown in Figure 3.1. The functionality of the
USRP-2901 system is programmable through LabVIEW, and for this thesis the system was operating
on software that had already been developed. This software con gured the radar system as a CW
Doppler radar and enabled the user to manually de ne a variety of system parameters before each
measurement is performed. These parameters include, but are not limited to, carrier frequency, sample
frequency, number of samples, transmitter gain and receiver gain. In this thesis the sample frequency
was selected as 10RHz, the number of samples was set to 10(one million) samples, which together
with the sample frequency provided a 18 measurement duration. The transmitter and receiver gains
were set to 25dB and 20dB respectively. The carrier frequency of the radar signal was chosen to be
2:45GHz, the reason for which is given in the next paragraph.

Two antennas were used perform the measurements, one for transmitting the CW radar signal and
one for receiving the return signal. This pair of antennas were of the same kind as the antenna that
was developed by S. M. Moghaddam et al. [24], shown in Figure 3.2. These are dual-polarized bow
tie antennas that provide a conical coverage. The selection of carrier frequency was determined based
on the re ection coe cient of the antennas, which led to the choice of 2245GHz. This value is not
the optimal choice in terms of re ection coe cient because the lowest coe cient occurs at 2:8 GHz.
However the re ection coe cient at 2 :45GHz is still close to the optimal value while providing the
additional bene t of utilizing a frequency that falls within the Industrial, Scienti c and Medical (ISM)
band between 2.4 GHz and 2.5 GHz.
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