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by
Yingqi Wang

Abstract

Millimeter-wave (mmWave) sensing has emerged as a powerful sensing modality for
non-contact, privacy-preserving human monitoring applications. However, such technol-
ogy could still lose the efficiency in real-world sensing scenarios. This thesis explores the
integration of mmWave sensing for vital sign monitoring and user identification, leverag-
ing deep learning and advanced signal processing to enhance accuracy and robustness in
dynamic environments. The first focus of this research is on vital sign monitoring, where
mmWave radar is employed to detect respiratory rate, heart rate, arterial pulse, and blood
pressure (BP). A multi-modal sensing technology and a novel multi-channel variational
mode decomposition (VMD) method are investigated to separate vital sign components
from interference caused by body movements and environmental noise. Further, a robust
heartbeat and wrist localization algorithm and a physics-driven deep learning approach
are developed, incorporating Neural Ordinary Differential Equations (Neural ODEs) and
Temporal Convolutional Networks (TCNs) to reconstruct high-level physiological signals
from radar Doppler shifts. The system achieves high-accuracy estimation of physiological
parameters, demonstrating its feasibility for continuous, non-invasive health monitoring.
The second focus is user identification, aiming to associate the user’s ID with the previous
vital signs sensing. A novel Inverse Synthetic Aperture Radar (ISAR) sensing is investi-
gated to reconstruct body profiles of individuals walking past the radar. A ResNet-based
deep learning model with Additive Angular Margin Loss is developed to enhance feature
discrimination, enabling high-precision user identification in long-term. Unlike tradi-
tional biometric methods, this approach identifies individuals based on their radio imag-

ing profiles, making it robust to occlusions and appearance variations. The contributions



of this work include: (1) a novel multi-modal mmWave localization and signal decom-
position is proposed and addressed the challenges of low accuracy in practical vital sign
monitoring, (2) an adaptive mmWave heart and wrist detection, and the physics-embedded
learning scheme is proposed to improve flexibility, robustness and explainability in ECG
(Electrocardiogram), pulse and BP monitoring, and (3) an ISAR-based user identification
method optimized with deep learning for real-world scenarios, significant improved the
performance in long-term mmWave user Re-ID. This research paves the way for future

applications in smart healthcare, security, and human-computer interaction.

Supervisor: Prof. Min Xu
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Chapter 1

Introduction

1.1 Background and Problem Statement

Recent years have witnessed the rapid development of vital sign monitoring. Under
the COVID-19 crisis, the demand for vital sign monitoring systems for tracking patients’
health conditions becomes more urgent. Traditional vital sign measurements based on
PPG and ECG sensors require wearing electrodes or chest bands, which are uncomfort-
able and inconvenient for some users like infants or burned patients. In this case, the tech-
nology of contact-free vital sign monitoring has been indispensable for today’s healthcare
systems. Further, the personalized healthcare monitoring has been recognized as the trend
in the future, the conventional healthcare system always requires to manually registered
the user. Hence, there is an urgent requirement that not only the vital signs could be mon-

itored in a contact-free way but also the user identification could be achieved wirelessly.

Currently, millimeter-wave (mmWave) based sensing methods have been widely in-
vestigated in contact-free vital sign monitoring and user identification [1,2]. They are
typically developed based on the FMCW technique and can achieve higher range and ve-
locity resolutions. Furthermore, they enable us to locate and distinguish different targets
of interest. In this case, it is becoming the mainstream choice in the field of wireless
identification and vital sign detection. However, most of the existing works [3-5] ignore
the multipath and dynamic interference caused by the environment and moving persons in
actual deployments and setup in an ideal environment. In fact, daily life sensing scenarios
could be more complicated. For example, for indoor healthcare, the users may stay at a
spot such as sofa, desk or table for a long time and perform activities such as computer
work, exercise and entertainment, while other family members may walk past them in
the room from time to time. In summary, the problems of accurate localization of static

person of interest, suppressing the interference of other moving people, and eliminating



the body part motion of the user themselves are still waiting to be addressed.

Meanwhile, the vital signs like breath rate or heartbeat investigated in previous re-
search are preliminary, which is hard for further application such as cardiac abnormality
and blood pressure (BP) estimation. Even though there have been some works that using
mmWave signal to achieve the higher-level vital signs of ECG, pulse and BP, they still
face the problem of strict testing conditions, for example, fixed distance between the user
and the device. Beside, the mainstream approaches that recover these complicated vital
signs are usually based on deep neural networks that directly fitting the mmWave signals
to the ground truth waveforms. They lack of transparency and explainability, leading to

poor credibility.

With regard to the mmWave based user identification, recent studies have reveal that
using the feature of user’s gait is capable of identifying the users at a relatively high accu-
racy. These features serve as the foundation for applying deep neural networks (DNN5s)
to identify individuals. However, the Doppler-based gait recognition is vulnerable to the
disruptions caused by the movements of arms and torso [6, 7]. Particular, when the users
are in a limited space or at a close distance, it could be hard to separate the users via
Angle of Arrival (AoA) if the antenna number is small. Therefore, the resolution of point
clouds obtained from mmWave radar is relatively low due to the restricted performance
of AoA and Doppler estimation. Other approaches that use pointclouds (pcls) created by
the users are restricted by the the number of antennas, leading to sparse feature represen-
tation. Further, The intra-class change results from the variations of persons themselves,
which is a common issue for both computer vision based and wireless signals based long-
term Re-ID. Since the appearance or gait of a person can change after a period such as
several days and generate distinct sensing features, a trained model may fail to identify

the current user, thereby degrading the Re-ID accuracy.

1.2 Thesis Objectives and Contributions
The objectives and main contributions of this thesis can be summarized as follows:

1) Our first research work address the challenges of monitoring vital signs (respiration

and heartbeat) in the complex environment. we propose a hybrid multi-objective vital sign



monitoring scheme, called Vision-assisted radar Vital Sign Monitor (VaR-VSM). This
scheme is capable of monitoring vital signs for the location-fixed human target stably in
the presence of interferences from both body movements of the target and the movement
of other people. In other words, our scheme can achieve reliable vital sign detection for
location-fixed target in a multi-people environment, where the target may have body parts
movement and people not being monitored can move around. It firstly fuses a camera
and COTS mmWave radar to localize the person of interest. Once the positions of targets
are identified, the beamforming techniques are simultaneously performed on Tx and Rx
antennas to improve the signal-to-noise ratio (SNR) of received echoes from the targets.
To suppress the effect of the subject’s body motion, we propose weighted-multi-channel
Variational Mode Decomposition (WMC-VMD) which is an enhanced version of VMD.
Although our scheme is designed and optimized primarily for sensing location-fixed tar-
gets, it is also capable of sensing moving targets and can still work in partially blocked

transmission (with light obstacles between radar and targets).

2) We address the challenges of monitoring higher-level vital signs (ECG, arterial
pulse and BP), and making the process more robust, flexible and explainable. To this end,
we propose to leverage the natural frequency band of the cardiac events and combine with
the range and angle estimation, which could adaptively localize the position of heart and
wrist, overcoming the problem of fixed distance. Then we propose to embed the physics
of the cardiac event and arterial pulse into the deep neural networks, which improve the

explainability and accuracy.

3) To address the challenges of user identification, we propose the scheme that em-
ploys an improved inverse synthetic aperture radar (ISAR) technique for mmWave radars
to achieve a high-resolution human imaging and a multi-dimension deep training strategy
for long-term Re-ID. As the person moves relative to the radar, their motion enables the
construction of an equivalent enlarged synthetic aperture in the horizontal direction. Via
emitting a series of pulses and coherently processing the reflected signals over time, the
mmWave radar can construct relatively high-resolution images of the person, by explor-
ing the synthetic aperture. Then we propose to integrate the cosine margin as a training

strategy, enhancing the network’s ability to handle intra-class changes and thus improving



the robustness of Re-1D.

1.3 Thesis outline

In chapter 2, we briefly review related work on mmWave based vital sign monitoring

and user identification.

Chapter 3 presents the proposed multimodal method that leverages computer vision
and mmWave radar to localize the users of interest, suppress the environmental interfer-

ence and eliminate the body motion noise in vital sign monitoring.

Chapter 4 introduces the proposed sensing scheme for estimating higher-level vital
signs: ECG, pulse and blood pressure. It focuses on localization of heart and wrist, then

followed by the physics-driven learning architecture.

In Chapter 5, we introduces the proposed user identification method. A novel ISAR
method, combined with the compensation, focusing, and imaging is presented first. Then

the neural networks based on cosine margin is introduced to improve the long-term user

ID.

Chapter 6 summarizes this thesis and discusses potential directions in our future work.



Chapter 2

Related Work

In this chapter, we briefly review some related work that is relevant to the topic.

2.1 mmWave-based Vital Signs Sensing

The principle of mmWave based vital sign monitoring can be summarized follow-
ing. Firstly, FFT is performed on the demodulated 1/Q pulse signal to estimate the range
profile. The peaks are always chosen to be the position of the target. Since the chest mo-
tion will cause the phase shift of signal especially on the target point. Hence, the phase
demodulation is applies to estimate the phase of current frame on the peaks. The next
step is to splice these phases together over each frame since mmWave devices transmits
pulses over the time. Based on this operation, some works [8—11] have been conducted.
In these works, the authors design the Self-Injection-Locked radar system which works
in frequency modulation. Their work yields 5 percent of error rate. [12, 13] proposes an-
other types of mmWave radar based on doppler. This system is capable to extract tiny
chest motions while it cannot localize the target. Another work [14] modifies the con-
ventional radar devices and introduce double voltage controlled oscillators and flexible
phase-locked loop(PLL) which can is switchable to monitor the vital in the condition
of vehicles and obtains over 90 percent of accuracy. In spite that these work all makes
progress in contactless vital monitoring, their usage is limited. The reason is that the de-
vices used in these works are customized, which means it is not available in daily life.
Except building specific system, commercial mmWave system is more popular in today’s
research work. The mmWave devices can be generally divided into three types based on
the types of transmitted signal: continuous wave(CW), ultra bandwidth(UWB) and fre-
quency modulation continuous wave(FMCW). For CW radar, since the motion of a target

will cause doppler effect which will be reflected on the frequency shift, CW radar captures



this small frequency shift to detect the vital sign. An example work [15] is carried by Yu
et al. The method mainly focuses on the phase extraction and optimization to reconstruct
the heartbeat and breath waveform. Commercial UWB radar is more reliable compared
with CW radar. Because of the wide bandwidth, UWB signal is easier to separate mul-
tiple targets and extract the vital sign based on the methods mentioned above. [16] fully
takes advantages of UWB radar. The author applies FFT to estimate range heatmap. In
their work, if people are located in different positions, there are some light areas on the
heatmap corresponding to these tested targets. After that, the author treats the heatmap
as a picture and utilizes the methods of image processing and finally count the number
of target area as the number of breath. Their system and strategy is capable of measur-
ing respiration with less than 10 error when there are three people in space. FMCW is
famous for its higher range and velocity resolution. Some FMCW radars are with MIMO
antenna array which enable them estimate the DoA of the targets which performs better
compared with UWB radar. The mainstream FMCW radar usually works in frequency of
24GHz, 77GHz and 120GHz. The validity of these FMCW radars has been proved by
these works [17-19] and the results based on these hardware platforms all acquire over

90 percent of accuracy.

Some existing works based on COTS mmWave radar have been conducted to tackle
the above-mentioned challenges. The work [20] employs different radar layouts to detect
breath during sleeping scenarios when body motion happens. Nonetheless, it requires to
manually adjust the sensor position according to different gestures. Another work [21]
based on the rotation of Rx and Tx antennas can detect posture change whereas the extra
mechanical rotator is required. Vital-Radio [22] considers that the limb motion pattern is
aperiodic and uses this property to filter the vital sign signal. WiSpiro [23] trains a neural
network to recognize the body motion to navigate the radar to move to the front of the

target. But it requires a large rail to place the system.

Despite that no work has fully resolved the second challenge, there are still some
inspiring works that have demonstrated the potential. Independent component analysis
(ICA) based algorithms have been investigated in the works [24, 25], which are capable

of separating different vital signs from the targets. However, ICA requires the dimension



of observation to be equal to or higher than the number of sources, which is not always
available for radars. Beam sensing-based methods are investigated in mmVital [26]. In
this work, reflection loss is calculated to localize and direct the antennas to point toward
the target. Similarly, Vimo [27] leverages 2-D antenna scanning to localize the object
and applies smoothing spline and dynamic programming (DP) to get RR and HR. Its
disadvantage is that scanning the beam over the whole space will cost extra time, which
will adversely affect real-time performance. Beamforming of MIMO radar has also been
found to be effective to enhance the signal from the targets [28—30], but these works do not
provide experiments to validate the efficiency in the circumstances of moving interference

sources.

Recently, many data-driven deep learning models [31, 32] are proposed to filter out
the original heartbeat and breath waveform. RF-SCG [33] applies a convolutional neu-
ral network (CNN) to reconstruct accurate seismocardiography and effectively overcome
the impact of the dynamic environment. MoVi-Fi [34] and MoRe-Fi [35] respectively
exploit multiple layer Multilayer perceptron (MLP) and Variational Encoder-decoder net-
work (VAE) to eliminate the body part motion interference and refine heart and breath
waveform. However, these methods always require a large amount of well-labeled train-
ing data collected in the RF fields, which is a very time-consuming process. Regarding
to the arterial and blood pressure (BP), some works also prove the feasibility of using
mmWave radio to detect them from a period of [36-38]. However, the requirement of
good mmWave radio signal quality and dedicate hardware cannot be neglected [39]. The
work [40] releases the fixed hand requirement by placing a UWB radar towards a sitting

subject while this limits the use case and restrict the users.

2.2 mmWave-based Human Identification/Re-identification

Radio-based methods mainly depends on the moving patterns of different human.
However, since mmWave has higher range and doppler resolution, it is possible recon-
struct more fine-grained moving features such as the signatures of leg and arms. One
typical research [41] combines mmWave and RFID to recognize the human ID. In their

experiments, RFID labels are attached on the wall in different height. The operation of



this research is that when people walk past the RFID labels, their body part in different
height level will reflect the signal. For different people, the property of the reflect signal
will differ with each other, which can be taken advantages to identify people. In their
methods, firstly, FFT is performed over the echo signal and the peak is chosen to be the
location of the movement. After that, the wavelet transform are utilized as feature ex-
tractor. Finally, DTW is used to classify people. Although this method achieves high
performance(over 85 percent of accuracy), there still some limitations. according to their
results, it indicates that with the increasing number of RFID tags, the performance will
be better. Placing more RFID tags will cost extra space to place and cost extra payment,

which might be unpractical in real cases.

Another kind of approaches is based on recognize the point cloud generated by hu-
mans [42,43]. The procedures of this method can be summarized as: Performing range
FFT over all samples; Performing 2D FFT over all channels over all range bins to obtain
azimuth elevation heatmap; Using CFAR to detect the point on each heatmap and then
splice them. In this way, the point could will be obtained when people are moving in
space. Typical works are carried out by Peijun et.al. [44,45]. They propose a LSTM
based deep neural network to classify the people. In their work, the system firstly outputs
the 3D point cloud to as the potential position of each target. After that, a Kalman filter is
applied to track the target. The Hungarian algorithm is leveraged to associate those points
to compose the human object in a 3D contour. Finally, the points in each contour are
introduced into the DNN for classification. However, this methods can only work in the
condition of near field. This is caused the coarse point cloud. With the range increasing,
the point cloud be will less and insufficient to represent the human features. Also ac-
cording to their result, the accuracy will boost when the recording duration goes up, that
means this will have adverse impact on real time performance. Another work [46] designs
the transformer-based learning method to improve the generalization ability, which could
achieve 93 percent accuracy on different scenes. The adversarial strategy is also induced
to improve the performance and overcome the sparsity for learning mmWave pointclouds,
and it has been proved to be valid and obtain higher accuracy than previous pointnet based

method [47].



Another work [48] propose an idea that the daily behavior can be used to identify
human ID. This assumption is based on that different people should have different habit.
For example, in a family, some people will spend more time to make up themselves while
another tend to study in another place. During these process, their track is also different
which can be utilized as the essential information to recognize human. In their experi-
ments, they place two devices to capture the signal. Both of them perform the 2D FFT
over range and angle axes to respectively estimate the range-azimuth and range-elevation
heatmaps. After that, they calculate the track vertically and horizontally. To leverage the
information as much as possible, the heatmaps are also be considered since it can repre-
sent the reflection property of different individuals. In their algorithm, they propose the
deep neural network with two branches. In each branch, the track and heatmap are multi-
plied and finally they are concatenated together then placd into a fully connected network.
Even though their work achieves high accuracy(over 95 percent), it is still limited by the
long-term data collection. That means the training data should contain long period(over
24 hour per set). In this case, the training dataset will be too large to train and converge
in a common device. Another work [49] also focuses on human ID based on long term
information. In this work, the heatmap generated by respectively perform 2D FFT to esti-
mate the two heatmaps as abovementions. The different point with last work is that only
90 frames of heatmaps are used for feature extraction. This rapidly improve the computa-
tional efficiency while the representative features are still weak. To extract more refined
features for human ID, gait information starts to draw attention. Generally, gait pattern are
obtained by micro-doppler signatures which is yielded by performing STFT or wavelet
transform to get time-frequency spectrum. Since the gait pattern of people tends to differ
with each other, it is possible to use a deep learning based model to learn to classify human
targets. [50] leverages the CNN model to recognize gait pattern. Before that, the author
analyses the range variance when people walk past the radar since the range variation will
adversely affect the gait tracking. To remove the attenuation caused by range, they make
the raw signal to subtract the mean value over each frame to enhance the sigature when the
range is far. After that, they set a threshold to compress the 2D signatures into 1D series.
This action not only boost the computational efficiency but also remove the redundancy

of the data thereby it obtains high accuracy(over 90 percent). However, this work cannot
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address the issue that when there are two or more persons walking past the device since
the working pattern will overlap in micro-doppler signature and it is hard to separate them
only depending 2D spectrum. This problem is tackled by [51] where the MIMO is fully
leveraged to separate gait pattern. In this work, before extract micro-doppler signatures,
the spatial FFT is performed to estimate the AoA of each target, after that, by estimate
the range and velocity, it is easy to separate each target in a 3D coordinate(AoA, range
and velocity). Finally, an encoder and a decoder based on CNN are utilized for human
ID recognition. This work is capable to extract the gait information for at most 4 people.
Even in condition of 4 people, the accuracy is still over 95 percent. However, the result
of this work is limited by the distance between each subject. From the result, when the
distance between people is too closed, the accuracy will drop. Another work [52] is also
based on analysing the gait pattern. The essential point is that the author performs 2D
FFT in fast time and slow time axes to obtain range-dopper first. Then the author sum up
over each frame to compress the 2D heatmap into 1D. Similar with previous work, the
author performs spatial FFT to estimate the direction of each person. After removing the
noise via classic filter and threshold, a K-means is conducted to separate each target from

the point clutter.
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Chapter 3

Vision-assisted mmWave Vital Signs monitoring

To estimate the vital signs in a complex practical scenario, which usually contains those
interference that could be unpredictable but inevitable, such as moving passengers, body
part motions and static objects, the computer vision based modal is introduced and fused
with mmWave signals, which could further improve the sensing robustness and accuracy

performance.

3.1 Ideal Signal Models in COTS MmWave Radar Systems

The operation of a mmWave radar has been investigated in detail in previous works
[30,53]. An FMCW radar periodically transmits a series of linearly-increasing frequency
signals, called chirps. The period of transmission is 7', called pulse repetition interval
(PRI). Each chirp lasts the time duration 7,.. During each chirp, the frequency starts from

f. and increases by the bandwidth B. Then the transmitted signal is given by
ap(t) = Aped?TUettar o), (3.1)

where Ar is the transmitted amplitude and ¢ is the initial phase which is a constant. For
a static target located at radial range R, after the round-trip delay 7 = % (c is speed of

light), the received signal due to the reflected factor 3 is described as
y(t) = BApel2 U=+ o7 (=) o), (3.2)
After I/Q demodulation and range correlation, we can omit the constant phase value
o and 2—%72 (small in practice) and then obtain
y(t) = Apel?m(B50), (3.3)

where a@ = %, A is the wavelength of the transmitted signal, Ay is the amplitude of

response of the received signal.
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Figure 3.1 : Signal propagation in practical environment. It contains the static objects

(wall and furniture), other passenger(s) and the user.

In the case of MIMO mmWave radar with a uniform linear array (ULA), the interval
between neighboring antennas is d. If the target is located at the angle of 6 with respect

to the radar, the signal received by the k'" antenna is expressed as:

yk(t) _ Ak:ejQTF(aRt-f-%“rikds/\ing). (34)

3.2 Our Model for Vital Sign Monitoring in Dynamic Scenario

As shown in Fig. 3.1, the above-mentioned model cannot work well in practice due
to the static multipath, the body motion of the target and the dynamic environment (when
another person passes by). In this case, we rebuild the signal model by adding the fol-
lowing three interference factors: static objects, target of monitoring and other moving

people.

1) Static Objects. Assuming that there are L static objects in space and the 1-th is
located at the range R; and angle 6;. The total received signal received by the k" antenna

is expressed as:
L1

; 2R sin
Yorlt k) = 3 Ay permeitt SRR (3.5)
=0

where A, is the amplitude of the signal reflected by the [ object and received by the k™

antenna.

2) Monitored Target. The signal model that includes the target is more complicated.
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Since the chest movement and body motion will cause small range variation, even though
the target is at the same position, the signal propagation distance R will vary over time.

Therefore, we re-write the range as
R(t) — Rtar(t) + ARtar<t)a (36)

where ARy, (t) represents the small time-varying shift caused by the body movement.
Here R, (t) denotes the nominal range at ¢. For a monitored target who stays in the same
spot, the nominal range is constant. Thus, the received signal of the target person at the

k" antenna can be represented as:

2Riqr+20Rear (1) | kdsinbiar )
X X .

ytm‘(tv k) = Atar,kejQﬂ—(aRmrH— (37)

3) Other Moving People. For other people walking in space, the signal models not
only contain the body motion AR, (t), with a similar expression to that for the target,
but also includes the changes on nominal range R,(t), angle 6,(¢) and reflected factor.
Assuming that there are P people (in addition to the target person) moving in space, the

received signal is expressed by:

2Rp()+2ARp (1) | kdsinfp(t)
A + A )

P-1
ym(t7 k) — Z Ank(t)ej%r(aRp(t)t-i- (38)
p=0

4) Signal Model after Sampling. The signal is sampled and discretized by an Ana-
log/Digital Converter(ADC) after I/Q demodulation. Hence, let
t=nTy+mT, (3.9

be the time of the n'" sample in the m' chirp and T denotes the sample interval during
a chirp. Then the signal can be represented by the fast time n, slow time m and antenna
k in three dimensions. After simplification, the signal in the dynamic scenario is finally

expressed by:

Yay(n, m, k) = ys(n, m, k) + Year(n, m, k) + ym(n,m, k), (3.10)
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where
( Ll 2R,  kdsin0
. l S l
yst(n7 m, ]i]) — 2 Al,k€j2ﬂ.(aRln+T+7)\ )7
=0
ytar(na m, k)

2Riqr+28Riqr(m) + kdsinfiq, )
A A

- Atar,kejQW(aRmrn—i_ ;

{ (3.11)

Y (
P

2Rp(m)+2ARp(m) | kdsinbfp(m)
A A

1
Ap f (m)ej%r(ocRp (m)n+ +

0

)-

n,m, k)

L 7

Our model reveals that in order to obtain vital signs, we need to first estimate the tar-
get’s location (range R, and angle 6,,,.) of the target and then extract the phase (A R;,;.).
Specifically, moving people and static objects are major hurdles for locating the target.
Their signal amplitudes could be larger than the target’s and be time-varying (moving
people). Also, the moving people will cause noise superimposed on the phase of the

target when they walk close to the target.

Furthermore, A R,,, contains four major components: (a) heartbeat, (b) respiration,
(c) vibration caused by body part movement, (d) noise caused by moving people nearby.
It is noticed that the four components of the received signal could overlap in the frequency
domain, which reveals that a classical filter cannot separate vital signs from other compo-
nents. In the following, we aim to propose a novel scheme to achieve accurate localization

and adaptive refinement of vital signs.

3.3 Overview

This work presents a fusion system VaR-VSM that enables dynamic vital sign monitor-
ing using a camera and a MIMO mmWave radar. Our scheme is developed by referring
to the COTS mmWave device TI AWR1843. It contains 3 transmitting antennas and 4
receiving antennas. A camera is mounted closely with the radar, which works with the
radar synchronously. Fig. 3.2 illustrates the workflow of our system. The function of each

major processing module is summarized below and will be discussed in detail later.

1) Camera and mmWave Radar Fusion Localization. The COTS mmWave radar
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Figure 3.2 : System workflow

performs the 1D range FFT on the raw RadarCube in the fast time dimension. This step
is directly completed in the radar hardware layer. We use the 1D FFT data output for
Ao0A estimation and obtain the range-angle heatmap. Meanwhile, the camera captures
the image stream and we perform a deep-learning based object detection framework on
the images. Thus, we fuse the range-angle heatmap and contours of detected persons for

accurate localization. The details will be described in Section 3.4.

2) Location-based Noise Suppression. Once the position of each target is identified,
beamforming techniques are adopted to improve the SNR of the signal reflected by the tar-
get and mitigate the interference from other people. This consists of Tx-BF (transmitting
beamforming) and Rx-BF (receiving beamforming). 7x-BF is implemented by shifting
the phase of each transmitter. The main beam formed by Tx-BF can point towards the
target. Rx-BF determines a set of weights that form a receive beam pointing to target too.
It enables the received signal to yield maximum power in this direction. This part will be

presented in detail in Section 3.5.
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Figure 3.3 : Mmwave radar and camera. The center of the antenna array is aligned with

the camera.

3) Motion-tolerant Vital Sign Estimation. To reduce the impact of motion interfer-
ence, we propose a vital signal reconstruction method by optimizing the variance of the
signal phase over successive range bins. Further, we propose the approaches of signal
mode estimation and PSE (Power Spectral Entropy) evaluation to automatically measure
the mode number of the signal and accelerate the computation. Based on this, heart rate
and respiration rate are calculated by performing FFT over the reconstructed vital sign

waveform. The details will be presented in Section 3.6.

3.4 Camera and mmWave Radar Fusion Localization

This section describes a method to pinpoint the subjects of interest by fusing the target
contour from images and the range-angle heatmap from the mmWave data. It focuses
on using computer vision framework and range-angle heatmap to obtain the angle and

distance of the users.

3.4.1 Target Contour Acquisition from Camera

The image stream is captured by a camera mounted on the radar (shown in Fig. 3.3).
The resolution of the image is 1920 x 1080 pixels. The frame rate is set to 30 FPS. We
manually calibrate the orientation and height of the camera lens to align the Field of View
(FOV) of the camera with that of the mmWave radar. Once an image is collected, we apply
an object detector YOLO V5 [54] to detect all targets of interest, each of which is bounded

with a rectangle box on the image. Since the YOLO detector enables to classify as many
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as 80 classes, there exist many redundant and undesirable bounding boxes containing non-
human objects. Hence, those bounding boxes only including the person are automatically
selected by reprogramming YOLO. Further, there still exist many similar bounding boxes
around each person target. To eliminate the ambiguity of the target of interest, we utilize
the non-maximum suppression (NMS) [54] algorithm to remove those redundant boxes

and obtain the optimal one.

3.4.2 Range-angle Heatmap from MmWave Radar

As shown in Fig. 3.4, the heatmap is generated by stacking the AoA spectrum over all
range bins. Firstly, the radar receives the reflected signal and performs I/Q demodulation.
The output of this step is called intermediate-frequency (IF) signal. As described in Sec-
tion 3.2, the spectrum of range can be estimated by performing FFT on IF signal of all
channels over the fast time dimension. In this paper, the RadarCube is defined as the out-
put of this step. The spatial FFT method is commonly used to obtain the AoA spectrum.
However, there only exists a small number of receiving elements in the COTS mmWave
radar, evenwhen the virtual-array technique is used. For example, the mmWave radar used
in our system has a total of 8 virtual receiving antennas in the azimuth direction. The FFT
method could not provide a high enough AoA resolution. Although the method of zero-
padding is often utilized in FFT, there exists serious spectral leakage (as the zero-padding
will induce the high-frequency components and this contributes to the sidelobe besides
each frequency component) and is incapable of separating those closely located objects.

Instead, we introduce the minimum variance distortionless response (MVDR) [55] algo-
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high-power area of the range-angle heatmap to find the user.

rithm to obtain fine-grained AoA spectrum, because MVDR uses covariance matrix to

model the noise, thereby it could suppress the power leakage from non-target direction.

3.4.3 Stationary Person Localization

Once the range-angle heatmap is acquired, the 2D position of the monitored target
could be estimated by fusing the contour and peaks in the heatmap. At first, the angular
field of view (AFOV) of the camera ranges from -60 degrees to +60 degrees, which is set
by the manufacturer. The AFOV of the mmWave radar can cover the range of -90 degrees
to +90 degrees. However, the main lobe of the radar transmitter used in the experiment
only focuses within the range of about =60 degrees. The beam gain in other directions
is much less than the main lobe’s, which makes the radar hard to accurately sense the
objects. In this case, the searching range of AoA in the MVDR algorithm is set to 60

degrees, thereby achieving the AFOV matching between the camera and mmWave radar.

In real environments, there may exist multiple persons. We leverage the camera data
to filter out the stationary targets of interest for vital sign recognition. Note that only
the locations of these targets are required to be unchanged, while their body parts may
still have some movement. The output of the image-based YOLO detector includes the
coordinate of the start point (z,y), width w and height & of all people contours. When a

person is moving, its start point and width may change over time. For the target person
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these values are almost constant. In this case, we can set two thresholds to remove those
bounding boxes of moving targets. If the change in the start points (or widths) of the
bounding boxes corresponding to a person is larger than the predefined threshold, we
consider him/her as the moving target and thereby ignore the bounding box. Then can
map the pixels of the stationary persons in the image into the angle bins on the heatmap.
The optimal AoA of each target can be obtained by searching the maximum values within

the width of the corresponding bounding box. This can be expressed by:

Riar, O0rar = argmax H,,(R,0), (3.12)
RE[0,10]

ang

06112 . [z,z+w]

where H,,, denotes the range-angle heatmap estimated by MVDR (0 to 10 represents the
corresponding range values on the heatmap and 6 is obtained by remapping the image
pixels to the heatmap). F,,,, and P, , respectively represent the numbers of angle bins of

range-angle heatmap and pixels of the image.

3.5 Location-based Noise Suppression

In this section, we exploit the location-based beamforming technique to suppress the
impact of range bin overlapping caused by moving persons. They may have the same
distance from a static person to the mmWave radar but in different directions. Tx-BF and

Rx-BF are combined to handle this issue.
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3.5.1 Beamforming at Transmitter

Tx-BF can physically control the transmitter beam to form the desired beam pattern.
The main beam lobe can be changed to steer towards the direction of interest by control-

ling the phase of the transmitting signal on each antenna (shown in Fig. 3.6a).

The COTS mmWave radar used in our system has three Tx antennas spaced by d. As
described above, the position of each stationary target to be tracked is calculated. To steer
the beam towards the target direction 6,,,., we firstly define the phase-shift beamforming
weights vector,

o d - o 2d -
Wiy = [17 ejQWXsmemr’ 6‘7271—751”6’5&"']. (313)

Then we multiply the original transmitting signal z(t) by the beamforming weight w;,

to obtain
- B ;2
rro(t) = Apel?rUettartiteo)

r7(t) = Aped?mettop 24 Ssindiarteo) (3.14)

27 (fet+ 52— 124+ 2 sinfby g,
rr2(t) = Ape’ m(fett g 7+ X sinfarto)

In this case, the radar can transmit the main beam in a specific direction 6,,,.. It can
enhance the signal strength of the stationary person in a certain direction and attenuate

the reflected signals of moving persons in other directions.

Unfortunately, if the spacing between two adjacent antennas is larger than half a wave-
length, the modified radiation pattern has multiple main beams. Fig. 3.6b illustrates the
antenna layout of the radar in our experiment. The distance between each transmitter is
A, the wavelength of the carrier signal. The radar generates two main lobes, shown in
Fig. 3.6c. The desired direction is 30 degrees while there is an extra beam pointing to-
wards -30 degrees. In this case, if there is an undesired object located at -30 degrees, the
signal will still be interfered since there is no attenuation on the beam response from that
angle. In the following, we will use the receiving beamforming in the digital domain to

further suppress the interference from other undesired directions.

3.5.2 Beamforming at Receiver

Rx-BF is performed over the receiving antennas. It aims to use a set of weights to

maximize the power from the specific direction in digital domain.
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To maximize the received signal power for each target, we can use the estimated AoA

6 to compute the beamforming weights w,, i.e.,

(L—1)dr
A

W,y = [1’ e]27r 3 sm@7 . 6]271’ szn@]

: (3.15)

where L and d,. denote the number and distance of receiving antennas, respectively.

Finally, we use the above RX weights to combine all received signals and then obtain

L-1

(1) =Y wi,(Da(t) = wha(t), (3.16)

1=0
where the symbols * and H denote the conjugate and conjugate transpose operations,
respectively. Fig. 3.6d shows the extra lobe is eliminated by Rx-BF and the overall beam

concentrates the direction of 30 degree.

3.6 Motion-tolerant Vital Sign Estimation

This section describes the proposed weighted multi-channel variational mode decom-
position (WMC-VMD) and uses it to estimate vital signs. The optimization weights cal-

culation, parameter selection and acceleration methods are also introduced in this section.

3.6.1 Vital Sign Estimation by Weighted Multi-channel Variational Mode Decom-

position

To estimate vital signs, we need to extract phase from the target’s range bin by phase
demodulation and compensation [28,56]. However, there are at least 4 components con-
tained in extracted phase sequence: heartbeat, respiration, body movement and range
overlapping. Although the target has been separated by beamforming, there are still two

issues.

Firstly, the short-term body motion of the target may cause interference signals with
frequencies close to those of the respiration and heartbeat signals. Therefore, traditional
filters, such as Butterworth filter, cannot accurately extract vital signs. The VMD algo-
rithm [57] has the potential to address this issue. It aims to estimate the Intrinsic Mode

Functions (IMFs) with the assumption that each mode of the signal is around a central
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frequency with a narrow bandwidth. Then It leverages Alternating Direction Method of

Multipliers (ADMM) to concurrently calculate the central frequency and mode function.

However, another issue is that the slight body motion may result in the change of the
predefined range bin calculated in Section 3.4. It is hard to predict which range bin the
person will be located at in each sampling time. The only prior knowledge is that the
nominal position of the target is roughly unchanged. Therefore, it is necessary to fuse
the phase sequence from the adjacent range bins of the target. In this case, the VMD
becomes ineffective since it only supports the decomposition of the single-dimension sig-
nal. The improved MS-VMD [58] is capable of dealing with the high-dimension signals
by equally adding up each dimension in the optimization procedure. But this operation

cannot pinpoint the signal from the true range bin the target is located in.

In this chapter, we propose weighted multi-channel VMD (WMC-VMD), which is
capable of adaptively combining the phase sequence from multiple range bins to estimate
the IMFs. In WMC-VMD, we introduce a set of adaptive weights w; (the notation [ de-
notes the ["* range bin) to sum up the phase sequence from different range bins. These
weights can eliminate the offsets among different range bins and remap the phase se-
quence in the same scale. Since the phase sequence from each range bin contains the vital

sign, each sequence is optimized individually.

The proposed algorithm WMC-VMD will be detailed in Algorithm 1, consisting of
the following steps: 1) applying Hilbert transform in phase sequence to obtain the ana-
lytic signal (depicted by the inner sum and modulated by a complex exponential to shift
its frequency spectrum to baseband), 2) for each mode u;, mixing it with a complex ex-
ponential of the center frequency to shift its spectrum to the baseband, 3) different with
VMD-based methods, the baseband of u, is estimated by squared /2-norm of the gradient
with the operation of weighted summation on each phase sequence from multi-range bins.

Specifically, WMC-VMD is modeled as:

(3.17)
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where K and L respectively represent the number of modes and channels, w; denotes the
adaptive weight (the calculation will be introduced in Section 3.6.2), and s;(t) represents
the phase sequence of the [** range bin. The augmented Lagrangian function is formed
to solve this problem (This is a classic augmented Lagrangian formulation used to solve
constrained optimization problems with equality constraints.). With the constraints of
weighted multiple linear equations, it becomes:

2

AI0(1) + L) w g (£)]e=7+

Tt 9
e B . B (3.18)
+Y wsit) = > w(®)|] Y ), wisi(t) = > ug(t))
=1 k=1 9 I=1 k=1

This task is divided into updating the IMF and center frequency of each mode. Based
on Parseval/Plancherel Fourier isometry under the [?>-norm, we can convert this opti-
mization problem from the time domain to frequency domain and perform iterative sub-
optimization by ADMM, the final updating results of IMF and center frequency can be

obtained as

~n A7 (w
B Zlel{wlSl@J) - Zi;ﬁk ui+1(w) + 12( )}
- L+2(w—wi™)?

, (3.19)
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apt (w)|” dw

3.6.2 Weights Calculation

In the above section, a set of adaptive weights are introduced to fuse the phase se-
quences from range bins. Specifically, when a target is staying stationary, the range bins
around the target all contain the vital signs but with different amplitudes. If there is a
small range shift, other range bins will have stronger vital signs. Since this process could
occur at any time, the phase sequence from one range bin could be suppressed for a mo-
ment while others are on the contrary. Based on this, we propose a method that aims to
identify a set of weights w to minimize the variance of signal from multiple channels.
By multiplying these weights in WMC-VMD, the variability of phase sequence from all

range bins will be normalized to the same scale to improve the decomposition results. To



24

calculate the weights, we define the following optimization problem:

L1 (3.21)

where s € Ry« is IV phase samples extracted from L continuous range bins.

To solve this constrained optimization problem, we apply the Lagrange multipliers to
obtain the weight w,
(ssT)~'I

= = 3.22
v IT(ssT)1I’ (3:22)

where I is a vector with a size of 1 x L and each element is 1.

3.6.3 Parameter Selection

In the existing VMD-based algorithm, the number of modes K needs to be identi-
fied as a prior. The selection of K will significantly impact on the decomposition and
optimization. Intuitively, K is supposed to be 4 (heartbeat, respiration, body movement
and passenger’s range overlapping) based on the empirical assumption for the number of
signal sources. However, this cannot work efficiently because in the real environment,
when the target moves the body parts, the mode number cannot be guaranteed to remain
unchanged. For instance, the target may move the arms together with the legs (even
the torso). Since the movements caused by arms and legs are much more salient than
heartbeat and breath, /' needs to be at least 5 instead of 4. If K were still set to 4, the
decomposition results would only contain the IMFs of arms, legs, range overlapping and

respiration but miss heartbeat.

In WMC-VMD, we leverage singular spectrum analysis (SSA) to automatically select
K. At first, the Hankel matrix is constructed by reforming the weighted phase sequence
signal:
S1 S2 §3 ot Sn

52 53 S4 T Sp4

, (3.23)

Sm  Sm+1 Sm42 SN
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Figure 3.7 : PSE Analysis

where NV is the total number of samples, n = N — m + 1 and M is the window length.
Next the singular value decomposition (SVD) is applied on H = X X7, and we can
obtain

H=UXZVT, (3.24)

where X is the singular value matrix which is rectangular diagonal and the elements are
sorted in the decreasing order. We choose the mode number K as the number of the largest

values having 70+percentile power out of the total singular values.

3.6.4 Computation Acceleration

In WMC-VMD, the optimization is performed in the frequency domain, which re-
quires the Fourier Transform operation over the whole snapshots of samples. From Egs.
3.18 and 3.19, we can observe that in each iteration, the entire spectral components are
used to calculate and update the new IMF and central frequency. Although this pro-
cess can obtain precise decomposition results, it is time-consuming and storage-costly.
Fortunately, the spectrum of the extracted phase sequence is very similar to the tail dis-
tribution (shown in Fig. 3.7a), which implies that the main information is gathered in the
low-frequency domain. Therefore, to accelerate the optimization and save computation
resources, the power spectral entropy (PSE) is introduced to show that the subset of the

original spectrum is capable of reconstructing IMF and estimating central frequency ef-
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fectively. The PSE of a signal is always utilized to measure the information containing in

its spectrum based on Shannon entropy [59]. The steps are shown below:

1) Calculate the power spectral density (PSD) of the whole signal and then normalize
it:
1
P(w;) = N|X(wi)]2 (3.25)
where N is the total number of frequency bins.

2) Normalize the PSD to get the probability density:
P(w;)

= 3.26
P S Pl (5:20)

3) Calculate the PSE:

N
PSE = - pilnp; (3.27)

i=1

Fig. 3.7b illustrates the PSE of extracted phase sequence. When the size of the sub-
space is chosen to be 1000, corresponding to the entire spectrum, the PSE reaches the
highest. On the other hand, the PSE for size 100 is very close to that for the whole spec-
trum. This reveals that we can choose the first 100 components, which is only 1/10 of the
whole spectral sequence, to replace the entire spectral components used in (18) and (19),

thereby the computation time and resources are dramatically reduced.

3.7 Implementation

System Setup. The device and experimental setup are shown in Fig. 3.3. The TI 1843
mmWave radar and the webcam are mounted together. The center of Rx and Tx pairs is
aligned at the camera lens vertically. Both of them are fixed on a tripod at a height of 1.3

m.

Experiment Environment. The system is deployed in our office shown in Fig. 3.14c,
containing multiple chairs, desks, computers, etc. The environment can induce serious
multipath interference. Other testing environments include a meeting room and kitchen,

shown in Fig. 3.13c.

Evaluation. A target to be tracked sits on a chair or stands. The target is allowed

to move the body in a period, which generates motion interference. At the same time,
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Algorithm 1 Vital Sign Decomposition based on WMC-VMD

(ssT)—'1
IT(ssT)—11

S.(t) = Hilbert(s(t))
S(w) = FFT(s.(t))

w =

S(w) « choose main components of S(w)
K «+ Singular Spectrum Analysis
Initialize {a!}, {&!}, A, ¢ < 0

while n < n + 1 do

fork=1:Kdo
Update 1y, for all w > 0:
U (w)
SEAwSie)-,_ ar (w) -3, i (w) )
1+20(w—wi™)?
Update wy:
> wla A"H dw
@24_1 . f(] 1 ‘
o0 An+
JoZ g @) du
end for
for!=1:Ldo

Dual ascent for all w > 0:
A W) = Aw) + n(wiSiw) — 30, @ (w))

end for
Nae* —agl,” i el

oz ]],”

if Convergence: < e then
break;
end if
end while
t(w) < zero padding u(w) to original length

a(t) = IFFT(i(w))
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Figure 3.8 : Overall Performance

multiple persons walk around the office and induce dynamic interference. The target
person is located in a different position in each experiment. Five volunteers are recruited

as the target person and moving interference in turn.

Baselines. We compare our scheme with two state-of-the-art works based on SVD+ICA
[25] and long-short-term-memory (LSTM) [60]. Specifically, the work [25] applies SVD
subspace decomposition to improve the localization and ICA to obtain vital signs. And
the work [60] utilizes LSTM-based deep neural network to estimate heart and breath rates

in dynamic scenarios.

Ground Truth. The ground truth of the respiration rate and heartbeat rate are captured

using a sport watch.

Metric. The error is defined as the absolute value of the difference between the es-
timated heartbeat rate (HR) and respiration rate (RR) IR, and their corresponding ground
truth rate R, i.e., |R. — R,|. The measurement units for breath and heartbeat rate are the

respirations per minute (RPM) and beats per minute (BPM), respectively.

Computation Platform. The system is implemented in Python 3.7 and C and runs on

a desktop with Intel(R) Core CPU 17-7700 3.6 GHz A4 and 32G memory.



Table 3.1 : Comparison of overall estimation errors

Methods RR (RPM) | HR (BPM)
SVD + ICA [25] 1.5 3
LSTM [60] 3.22 2.86
This work 0.19 2.29

Table 3.2 : Estimation errors under different distances

RR (RPM) | HR (BPM)
Methods
2m | 3m | 2m | 3m
SVD +ICA [25] | 1.52 | 1.55 | 3.54 | 3.43
This work 022 1045|191 | 249

Table 3.3 : Estimation errors for different motions

RR (RPM) HR (BPM)
Methods
Periodical | Random | Periodical | Random
LSTM [60] 3.56 2.17 7.36 4.62
This work 1.44 1.17 6.61 5.5

29
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3.8 Results

We test our system by conducting a series of experiments under different ranges be-
tween the target and radar, body motion types, number of moving disruptors, and different
environments (i.e., office, meeting room and kitchen). We use an empirical Cumulative
Distribution Function (CDF) of the absolute error to evaluate the overall system perfor-
mance, shown in Fig.9. We can see that 90 percent of respiration experiments yield less
than 0.5 RPM error. And 80 percent of heartbeat experiments can achieve less than 5 BPM
errors. The median errors in respiration rate (RR) and heartbeat rate (HR) estimation are

0.19 RPM and 2.29 BPM, respectively.

Next, we compare our work with two state-of-the-art works based on SVD+ICA [25]
and LSTM [60]. In fairness to these two works, the comparison is under the same range
and body motion type. Table 3.1 indicates the overall error rates of the three works.
It can be observed that our work achieves the lowest RR error rate, which is nearly 8
times less than that of SVD+ICA and 17 times less than that of the LSTM based works,
respectively. Also, the HR error rate of our work is 25 percent and 31 percent less than

those of SVD+ICA and LSTM based works.
Furthermore, we conduct two fine-grained comparison experiments.

(1) We conduct the comparison at the distance of 2m and 3m between our work and
SVD+ICA [25]. By observing Table 3.2, our method achieves over 7 times and 3 times
improvement on RR errors. Also in HR comparison at the distance of 2m and 3m, our
method outperforms SVD+ICA which reports 3.54 BPM and 3.43 BPM error rates, nearly
1.9 and 1.4 times higher than our methods. It should be pointed out that the maximum
range of our work is 7m (it is presented later) and the SVD+ICA fails when the range is
over 3.5m. Also, this work fails when the target contains body motion and other moving
persons. This indicates that ICA based methods are more fragile when the signal contains
interference from different sources due to the limited observation dimensions. In contrast,

our proposed WMC-VMD is more effective.

(2) We further compare the performance using the same body motions with those for

LSTM [60]. As shown in Table 3.3, our method still achieves nearly half of the error rates
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Figure 3.9 : An Example of Beamforming

in RR estimation for both two motion types. In terms of HR, even though our method does
not perform better than LSTM for random motion, it still achieves a 10 percent lower error
rate than LSTM for periodical movement. The observation illustrates that LSTM can be
more effective with random noise suppression since the deep learning based algorithm is
more efficient in learning and fitting specific patterns from pseudo random observations.
In contrast, our proposed VMD based methods perform better in estimating patterns from
periodical signals. It is noted that LSTM requires a large amount of data for prior training

while our method does not.

3.8.1 Impact of Beamforming

In order to validate the effect of beamforming, we design an experiment to evaluate
whether the signal from the target can be extracted validly under dynamic interference. In
this experiment, two people are in front of the radar. In Fig. 3.9a, one is the target person

who keeps still, while another person keeps moving near the target and plays the role of
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Figure 3.10 : Impact of Beamforming

an interferer. Both of them are located at the same distance (2 m) but at different angles.
The AoAs of the target and interferer are in the directions of 30 degree and 60 degree
from the mmWave radar, respectively. Besides, the target person breathes normally while

the disruptor shakes the arms at a high speed to disturb the target.

Fig. 3.9b illustrates the filtered and normalized signal from these two persons using
Tx and Rx beamforming. The blue line is the vital sign signal from the static person who
is breathing stably. It can be observed that the waveform is periodic and superimposed
by heartbeat. Another line shows the received signal collected from the interferer. Its
frequency is higher while the signal amplitude is much weaker than the static target. This
is contributed by Tx and Rx beamforming, which can amplify the signal from the direction
of the target and attenuate the noise from the interferer. In practice, the signal amplitude
caused by arm shaking should be much larger than the vital sign signal since the chest

motion is very small. The result is in accordance with our expectations shown in Fig.

3.6d.

To further demonstrate the efficiency of beamforming, we compare the performance
between enabling and disabling Tx- and Rx beamforming. One person is asked to walk
around the target to induce interference. Moving closer to the target person is allowed. As
shown in Fig. 3.10, when BF is enabled, both the heart and respiration rates can achieve
much lower errors. The RR error is 0.17 RPM with beamforming but it reaches 0.76 RPM

without beamforming. For HR estimation, the error without BF is 5.21 BPM, over 5 times
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higher than the beamforming-enabled mode.

3.8.2 Impact of Body Motion

To investigate the impact of different motion gestures, we ask the tracked person to
perform five types of daily motions at the range of 3 m to the mmWave radar: shaking arm,
shaking leg, march, phone interaction and typewriting. Specifically, the person waves
their arms and shakes leg and this lasts in the first two motion types. Both arms and
legs move periodically over the whole sampling period in march. In the gesture of phone
interaction, the person uses the cellphone to do their intended interaction, such as typing
messages, browsing information and playing games. This motion mainly contains the
finger motion. Finally, the person adjusts their body gesture during typewriting. This

gesture includes the random motion of fingers, arms and torso.

The result is shown in Fig. 3.11. The trends of respiration and heart rates error are
similar. When the target person performs phone interaction, both HR and RR reach the
lowest error (0.11 RPM and 0.68 BPM). Shaking leg contributes to the highest error rates
(0.2 RPM and 2.81 BPM). The error rates are similar in the rest of the gestures but they

can still adversely affect the accuracy.
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Figure 3.12 : Impact of Moving people

From the results, we have the following observations: 1) Phone interaction. Since
interacting with cellphone only contains the motion of fingers and the extent is much
smaller than other types of motions, it has the lowest impact on the estimation accuracy.
2) Shaking leg. The frequency of the shaking leg is very close to the heartbeat, which
interferes with estimation of heart rate. 3) Typewriting. Typewriting affects more in
respiration rate because there could be arm and torso motion with a close frequency to
respiration rate. 4) Shaking arm. Shaking arm is of the greatest extent. This contributes
to both large errors in RR and HR. §) Marching. On the contrary, marching is performed
over the sample period and the frequency is close to the heartbeat. This leads to a higher

error rate in heart rate estimation but has less impact on respiration rate estimation.

3.8.3 Impact of Moving People

To study the impact of dynamic interference, four volunteers are asked to move in
space. Fig. 3.12c shows the testing scenarios with one to four moving persons. In each

experiment, each person is asked to walk past the target by turns.
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Figure 3.13 : Impact of Environments

Fig. 3.12a and 3.12b show the impact of moving people. The figures demonstrate that
the error coarsely increases with increased moving individuals. We can see that the heart
rate is easier to be interfered by moving people while respiration rate estimation is less
affected. Our system can achieve the lowest error when there is one moving person (0.195
RPM for respiration rate and 0.52 BPM for heart rate). The respiration error reaches
the highest (i.e., 0.42 RPM) in the three-people scenario. The highest error of heartbeat

estimation is 4.35 BPM in the four-people scenario.

3.8.4 Impact of Environment

We also conducted the experiment in a meeting room and restaurant (shown in Fig.
3.13c) to evaluate the impact of the environment. In both two scenarios, the different
individuals are allowed to enter and leave the room at any time. Also, the testing target
is asked to randomly perform the intended gestures, such as typewriting in the meeting

room and eating or drinking in the kitchen.

As shown in Fig. 3.13a, 3.13b, the accuracy of heart and respiration rates in the
kitchen is always higher in comparison to the meeting room. This could be related to
the size of these two places. The meeting room is more crowded. It implies that more
interfering signals from passengers’ movement are superimposed on the vital sign signal

due to the short distance during walking.
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Table 3.4 : Acceleration and Without Acceleration performance

RR (RPM) | HR (BPM) | Time (ms)

Without Acceleration 0.33 5.02 25.35

With Acceleration 0.29 3.06 8.56

3.8.5 Impact of Range

This experiment verifies the accuracy of the heart and respiration rate estimated at
different distances to the mmWave radar, i.e., Im, 3m, Sm and 7m (shown in Fig. 3.14c).
In each experiment, the target person repeats the same gestures and the interfering persons

along the same routine. The experiment results are shown in Fig: 3.14a and 3.14b.

For the respiration rate, the accuracy goes down when the range increases. The mini-
mum and maximum errors appear at the range of 1m and 7m, respectively. The error at 7
m is 0.26 RPM which is nearly double as the error (0.14 RPM) at 1 m. The heart rate is
more sensitive to the variation of range. The maximum error is 3.6 BPM, which is more
than three times the minimum error rate (1.08 BPM) at 3 m. When the range increases,
the signal will be intensively attenuated. In this case, the weaker vital sign signal is more

sensitive to interferences.
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3.8.6 Impact of Acceleration scheme

We also evaluate the performance of our proposed acceleration strategy. Specifically,
we choose the first 100 components on the whole spectrum to estimate the RR and HR.
And we compare the error and time consumption between the application and nonappli-
cation of the acceleration scheme. As shown in Table 4, when the acceleration scheme is
applied, the average computation time is 8.56 ms, which is approximately 1/3 of the one

without acceleration (25.25 ms).

It is surprising to see that the error of RR and HR (0.29 RPM and 3.06 BPM) with
acceleration are both smaller than those in non-acceleration case (0.33 RPM and 5.02
BPM). The possible reason is as follow. The respiration and heartbeat signals are both
low-frequency. When we choose all components in the spectrum, those high-frequency
components often contribute as noise and adversely affect the decomposition. When we
only choose the low-frequency components, those high-frequency noises are eliminated,

which improves the decomposition accuracy.
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Chapter 4

Sensing ECG, Pulse and Blood Pressure Simultaneously
via Physics-driven Learning

In the last chapter, the vital signs detection of heartbeat and breath under the complex
cases are investigated. However, there is a further demand that if it is possible to obtain
a more fine-grained and higher-level vital signs, such as ECG, arterial pulse and blood
pressure. These signals are usually contains more accurate physiological information that
could reflect better healthy information for users. In this chapter, the methodology of
ECG, arterial pulse and blood pressure is investigated using mmWave radar and physics-

driven learning method, aimed to improve the sensing efficiency and interpretation.

4.1 Preliminaries

This part discusses the feasibility of using mmWave signal to reconstruct the ECG
and pulse, and using the relationship of ECG, pulse and blood pressure to estimate blood

pressure.

4.1.1 The Relationship of ECG, Pulse and BP measurement

The ECG records the electrical activity of the heart and shows the initiation of each
heartbeat. When the ECG generates the heart throbbing, blood pressure increases in the
arteries, and a pulse wave propagates from the heart to peripheral sites. It initiates a
pressure wave that travels through the arterial system, leading to a measurable pulse at
distal sites, typically at the wrist or finger. Pulse Transit Time (PTT) measures the time
between the R-wave in the ECG and the arrival of the pulse wave at a peripheral site. It
provides insights into arterial stiffness and indirectly correlates with blood pressure, and

its effectiveness of BP estimation based on PTT has been proven by [61].

An intuitive example that illustrates the correlation between BP and ECG versus ar-
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Figure 4.1 : The relationships of ECG, Pulse, BP and mmWave signals.

terial pulse is given in Fig. 4.1a, where it shows the ECG waves and the arterial pulse
waves from two individuals that respectively has different blood pressures. It can be ob-
served that the PTT from the user with higher BP is significantly shorter than lower BP
user. Back to the RF sensing, if the ECG and arterial pulse can be sensed by the mmWave

signal, it will be anticipated that the BP can be estimated from these RF sensed vital signs.

4.1.2 The Relationship of ECG, Pulse and mmWave Sensing

As abovementioned, the ECG is the bio-electrical activity, which means it is hard to be
measured by the contactless sensing approaches. Fortunately, the heartbeat mechanism,
caused by the heart throbbing triggered by ECG can be captured from the mmWave signal.
Specifically, when the ECG activity happens in one cardiac cycle, the heart will generate
mechanical systole and diastole once. On the body surface besides the heart position, it
is reflected by a 0.2-0.5mm mechanical motion [62]. And this vibration can be reflected
by the doppler variation in mmWave signal. Fig. 4.1b plots the ECG and the second
derivation (the acceleration) of the doppler from the heart position on body surface. It
can be observed that even through the mmWave doppler lags ECG, it is strictly consistent
with the cardic periodicity shown in ECG. Further, each peak shown in doppler is also
corresponding to each R peak in ECG. And this brings the feasibility to learn a mapping

relationship between doppler and ECG.

Different with ECG, the pure electrical signal, the arterial pulse is generated by the
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pressure caused by the cardiac activity. It is usually measured at the sites of wrist or finger.
When the pulse reaches, it will cause the dilation on the blood vessel, and then it shrinks at
next time step. This blood vessel variation is a mechanical vibration and can be captured
by the mmWave signal. However, the blood vessel is tightly wrapped by the muscles,
and its motion is much weaker than cardiac mechanical motions. The phase extracted
from mmWave doppler may lose its efficiency while the received signal strength could
be more effective [63]. The lower diagram of Fig. 4.1b depicts the correlation between
ground truth pulse and the received signal strength at the wrist site extracted from the
mmWave signal. It can be easily observed that the mmWave signal strength is strictly
corresponding to the pulse. They share same cycle period without any lead or lag. This

observation enables to learn pulse from the mmWave signal.

In summary, based on the above observations, it is feasible to use mmWave signal
to sense and learn ECG and pulse from the mechanical motions on the heart position on
surface and wrist, then using the PTT from the recovered ECG and pulse to estimate the

blood pressure.

4.2 Cardiac and Arterial Vibration Sensing

In this section, the scheme of localizing the wrist and chest, which further extract the
heart and arterial mechanisms, is introduced. It first states how to model the mmWave
signals and then focus on how to separate the location of wrist and chest by leveraging

the cardiac periodicity.

4.2.1 mmWave Signal Modeling

An Frequency-Modulated Continuous Wave (FMCW) mmWave radar periodically
transmits a series of linearly-increasing frequency signals, called chirps. The frequency
starts from f. and increases by its bandwidth B in a chirp period 7,.. The transmitted
signal could be formulated as:

B t2)

ZL’T<t) = AT€j27r(fct+ﬁ y (41)

where Ar is the transmitted signal amplitude. For a target located at radial range R, after

the round-trip delay 7 = % (c is speed of light), the received signal with strength Ap is
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described as
zr(t) = AReﬂﬂ(fc(t*T)Jr%(t*T)Q)_ (4.2)

After 1/Q demodulation (z7x%) and omitting 7' (small in practice) and using wave-

length A = ﬁ, the output intermediate signal z(¢) with strength A = A7 Ag becomes:

2BRt+2R)

z(t) = Ae?*™ (4.3)

For the mmWave radar with a uniform linear array (ULA) with L channels, the interval
between neighboring antennas is d. If the target is located at the angle of 6 with respect

to the radar, the signal received by the [*" antenna is expressed as:

x(t,l) =

2BRt+ 2R+ld91ﬂ9)

4.4)

As mentioned in Section 4.2, the cardiac and arterial activity will cause the vibration
at body surface besides heart and wrist, so the range will have a slight offset leading to the
doppler variation R = R + ¢(t). Further, since the mmWave radar transmits the chirps
periodically, the index of chirp m and the chirp period (this process can also called slow-
time sampling) are introduced and leading to R = R + ¢(mT.). As the chirp duration
time is small, the range offset in one chirp can be neglected and is mainly reflected on
the slow-time axis. In our test scenario, the user sits in front of the radar with an arm
stretched (shown in Fig. 4.7). Thus, there will be multiple reflected points in the field of
view (FoV). Therefore, the signal in such scenario can be described by the combination

of these P body surface points:

BRp 2Rp+2¢l(mTc) ldeinep
x(t,m, 1) §Aeﬂ”( t ). (4.5)

After sampling over the fast-time (¢) with the sampling interval 75, the signal is formulated

by:

47rBRp 4T R +47r<;/> (mTe¢) .4wldsin®
nT. P P p
x(n,m,1) E Ayelere M ed el x . (4.6)

It should be mentioned that the samphng period in one chirp is usually closed to chirp du-
ration 7'c, leading to T'c ~ N - T (N is the number of sampling point in one chirp). It can
be observed that in order to obtain the doppler ¢peqr+(m) and the signal strength A5 (m)
caused by cardiac and wrist arterial vessel, we need to first estimate the locations (range

and angle) of heart and wrist, respectively.
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4.2.2 Cardiac Doppler Scan based Heart and Wrist Identification

To estimate the ranges and angles, the 2-D Fourier Transform (FT) is usually con-
ducted over fast-time domain (¢) and channel domain (k) to obtain the range-angle heatmap.
However, it is still hard to identify which two parts are the location of heart and wrist as
the user’s entire body part including whole arm and chest are both contained in mmWave
radar’s FoV. To address this challenge, we propose the localization scheme based on the
native cardiac frequency. First, the Discrete Fourier Transform (DFT) is performed over
the fast-time domain to obtain the range spectrum (it is also called Range-FFT) on each

chirp and channel:

X(k,m,1) anmle 92”kn 4.7)

where N is the number of samples durlng the chirp duration. As DFT is performed over
fast-time, it will not affect slow-time and channel. Then using Eq. 4.6 to expand and

reorder it, we can obtain:

X(k,m,l)
P—-1N-1
4rBR T 4rRp+4ndp(mTe) . 4wldsindp (4'8)
_E EA@JCT”S*JQﬂ'e Py el
p=0 n=0

where k is the index of the frequency bin. To change the frequency bin to the range bin,

let k = 22E (R is the range bin with the unit of m), and using T'c &~ N - T} it becomes:

2BR

X(——,m,l)
C
poiN-1 AnRp+dngp(mTe) . Arldsind
T L iy m . a7 S
- A 3T (Rp i —Ryg)n gj === 2
P

i 4.9)

p=0 n=0

P—-1N-1

9 2B R—Rp .AmRp+4ngp(mTe) . 4nldsindp

= Ape e TN e b el

=0 0

3
3
Il

Then canceling % on both sides (57 is the range resolution) and using the pulse function

(+) to approximate the DFT result, the final result of Range-FFT becomes:

P-1
47er+47-r¢p(mTc) . 4rldsinp

X(R,m, 1)~ AS(R— Ry)e e (4.10)

p=0

For a certain range bin R if there are M chirps during the observation and L channels on

the mmWave radar, the signal can be written in matrix X p with the size M x L.
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From the equation, it can be observed that there are P peaks on the range spectrum and

the next step is to identify which two peaks are corresponding to heart and wrist position.

There can be no doubt that the vibration of both heart and wrist position is a periodical
signal and the frequency is equal to the cardiac frequency which is empirically known
from 0.8Hz to 2Hz. This means the phase ¢(m) on the ranges and angles of heart and
wrist must be the periodic signal with the frequency from 0.8Hz to 2Hz. Based on this
point, the core idea is to find out which two range bins contains the strongest periodic
signal in this frequency range. First, we construct the Range-cardiac map. Specifically, if
the observation period contains M chirps, the cardiac frequency basis is built and it forms

the vector:

Sy =1, e eImTe P MEUTT (4.11)

where [ € [0.8,2] Hz is the cardiac frequency index (The cardiac frequency interval is
0.01). Then we use the principle of Multiple Signal Classification (MUSIC) to construct
the Range-Cardiac spectrum. The covariance matrix of X5 is constructed over all the

channels to form L snapshots and followed by an eigen-decomposition:
XpXH =UrAUY, (4.12)

Where A is the diagonal matrix with the diagonal elements as its eigenvalues sorted in
descending order and Uy, is the corresponding eigenvector matrix. Given the number
of cardiac frequency K (it is set to be 1 in our experiments as the cardiac frequency is
generally fixed in a short time), the last M/ — K columns of the eigenvector matrix is
selected to be the subspace U r- Then the power at range R and cardiac frequency f can

be calculated by:
1

Prange—cardiac<R7 f) = T T .
SHULULS,

(4.13)

By traversing all the range bins and cardiac frequency, the range-cardiac map can be
constructed. And the range bins contain heart and wrist can be acquired by searching the

maximum two peaks on it.

An example is provided in Fig. 4.2, where it can be found that there are two light areas

(with same cardiac frequency) in different ranges (R, and R;) which are corresponding
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Figure 4.2 : Range-Cardiac Heatmap

to the heart and the wrist. It is noted that it is still unknown which ranges is heart or wrist

because the cardiac frequency from both heart and wrist are same.

Once the range bins contain heart and wrist are identified, then we start to estimate
the angles. For one of the range bin R, we can directly select the corresponding signal
matrix Xp, (its dimension is M x L) for angle-cardiac map construction. First, the

steering vector is built:

j2ndsing j2mldsing j2n(L—1)dsiné
A A

Sy =[1,e sy € yeeny € A , (4.14)

where 6 € [—90, 90] degree. Then the 2-D angle-cardiac basis matrix is constructed and
flattened by:
Sf’g = Flatten(Sf . S@) (415)

Then S} becomes 1 x M L with each element 2 (fmTe+t9520) (o — 0.1, ..., M — 1 and
[=0,1,...,L —1). Also X, is flattened to 1 x M L to match with the dimension of Sy
and denoted by X p, . Similar with range-cardiac map, the MUSIC is used to calculate the
angle-cardiac map by traversing f € [0.8,2] Hz and 0 € [—90, 90] degree using:
1
grr 1 ’
S f,@QROQRo Sfﬁ

Pangle—cardiac(97 f) = (416)

where Q R, 18 the subspace obtained by selecting the last M L — K columns of the eigen-
vector matrix from eigen-decomposition of X X' go. It should be mentioned that angle-

cardiac calculation is slightly different with range-cardiac map as it requires to traverse
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6 and f at the same time for the selected two range bins Iy and R;, which means the
basis vector is 2D thereby it is 2D MUSIC process. But in range-cardiac map, the range
is obtained by Range-FFT in prior, so it only needs to scan f for a certain range bin (its

basis vector is 1D) and then use these basis to scan over all range bins.

Angle (degree)
Angle (degree)

0.8 1.0 1.2 14 1.6 1.8 0.8 1.0 1.2 1.4 1.6 1.8
Cardiac Frequency (Hz) Cardiac Frequency (Hz)

(a) Angle-Cardiac Heatmap on Ry. (b) Angle-Cardiac Heatmap on R;.

Figure 4.3 : Angle-Cardiac Heatmap.

Fig. 4.3 shows the example angle-cardiac maps in two candidature range bins (1%y =
0.31m and R; = 0.36m). It can be found a peak at the same cardiac frequency respec-
tively at 6y and 6,, aligning with the location in the test scenario (Fig. 4.7). It should
mentioned that due to the tested arterial pulse is from left arm, so the wrist is always on
the left of the heart in the test scenario. Therefore, the two angles of heart and wrist (0y,cq+
and 6,,,;5;) can be directly corresponded to 6, and ¢, by finding out which angle is on the
left and on right. Then we can use these two angles to identify the corresponding range

bin Rjeqr: and Ri5 from Ry and R;.

4.2.3 Beamforming and Refinement

Once the 0.+ and 6,,,.;: have been identified, the beamforming on these angles are

conducted separately:

_ H
X(heartvwriSt) - w(heart,wrist) XR(heaTt,wrist)’ (4'17)
j2mwdsind j2mldsin® j2m(L—1)dsiné .
where Wineartwristy = [1,€7 *,...,e” x ... e by | with 0 = Opeqre and O,p;s.

The second derivation of the phase of Xj.,,+ can used to represent the the cardiac vibra-
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tion Speqri:

_ (¢m—3 + ¢m+3) + 2(¢m—2 + (bm—i-Q) - (¢m—1 + ¢m+1) - 4¢m

m 4.18
° 1672 (4.18)

where ¢,, is the my;, phase of X,...+. Also the arterial pulse vibration s,,,;s; i extracted
by the signal strength at the angle 6,,,.;;; and range bin R, ;s of the wrist, denoted by
|Xw7‘ist|-

4.3 Physics-driven Learning and Inference of ECG, Pulse and BP

Different with purely data-driven methods that directly build the deep neural networks
(DNN5s) to predict the ECG or arterial pulse, we propose to embed the physical consider-
ations into the DNN5, and use these physics to replace a part of structures in the DNNSs.
Compared with the pure data-driven methods, like the mainstreamed time series recon-
struction of long-short-term memory (LSTM) and time-convolution network (TCN)., em-
bedding physics into the learnable neural networks provides a more straightforward guid-
ance while training, making the neural networks easier to converge and obtain a better
performance. Furthermore, the physics-driven method could improve the interpretation,

making the strategy less like a ’black box’.

4.3.1 Physical Dynamics of ECG and Pulse
Dynamics of ECG

The synthetic ECG signal is generated by modeling a trajectory in a 3D state space
defined by the coordinates (x,y, z). The quasi-periodicity of the ECG is captured as the
trajectory revolves around a unit-radius limit cycle in the (x,y) plane. Then it forms the

ODE [64]:

e
o = 0T Wy,
dy
a YT (4.19)
dz AG?
priai Z a; A0; exp (— 5h ) — (2 — 20),
i€{P,Q,R,S,T} i

where a = 1 — /22 + 92, AO; = (0 — 0;), 0 = atan2(y,x) and w is the angular

velocity of the trajectory as it moves around the limit cycle.
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The rest of parameters are shown in Table. 4.1. By solving this ODE, the solution z

is the synthetic ECG signal.

Table 4.1 : Parameters of the ECG Dynamics

Index (i) P Q R | S T

Time (secs) | —0.2 | —0.05 0 0.05 | 0.3

0; (radians) | —% —15 0 15 )
a; 1.2 | —=5.0 | 30.0 | =7.5]0.75
b; 0.25 0.1 0.1 0.1 0.4

Physics of Arterial Pulse

+

@
0(t) -['Cap -['Cad P,

Pap(t)I I,(t) Ipad(t) R,

Figure 4.4 : Modified Windkessel model

The physical dynamics of arterial pulse can be approximated to widely-recognized

Modified Windkessel model (MWK) (shown in Fig. 4.4) [65].

C, represents the elastic capacitance of large arteries close to the heart, while Cyq
represents that of muscular arteries further away from the heart. L represents the inertance
of the flowing blood. R, represents the peripheral resistance and P, represents a constant

venous pressure component.

Given that the model is composed of three energy storage elements, a state space

model with three states is sufficient to fully describe the dynamics of the system. Using
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Kirchhoff’s voltage and current laws, we obtain the following three equations:

Qt) = Cap - dP;fft) + (1)

dL(t) _ Pup(t)  Puilt) -
dt L L
L) = oy - wilt) | Poalt) = P,

dt R,

where P,,(t) is the voltage across Cy,, P,4(t) the voltage across C,4, and 1 (t) the current
through the inductor, L. 4.2. The input to the system is ()(¢). Then the arterial pulse is
obtained by solving this ODE and pick up the solution P,4(¢). The nominal value of each

parameters is shown in Table.

Parameter Nominal value
Cod 0.15 ml/mmHg
Cop 1.45 ml/mmHg
R, 1.0 mmHg-s/ml

L 0.025 mmHg/(ml-s)

Table 4.2 : Nominal parameter values for the system.

4.3.2 Physics-Informed Neural ODEs of ECG and Pulse

Neural ODEs model continuous-time dynamical systems by parameterizing the sys-
tem’s derivatives with neural networks. The core idea involves representing the evolution
of a system as a continuous dynamical process governed by ordinary differential equa-
tions (ODEs), where the neural network defines the vector field of the system. Given an
initial value problem (IVP), Neural ODEs compute the trajectory of the system at time
step t,, by numerically solving the ODE:

h(t,) = h(te) + / " NN(h(t).1.0) dt. 4.21)
to

C

where N N represents the neural network parameterized by 6, and h represents the hidden
states. It is noted that ODEs are usually solved by established ODEs solvers (such as the

widely recognized Runge-Kutta methods) in practice.
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Another key fact can be observed that the format of Neural ODEs aligns with the typ-
ical format of a dynamical system, when the hidden state h(¢) is interpreted as a state vec-
tor representation (for example, the [z, y, z] in ECG dynamics and [P,,(t), I1(t), Paa(t)]
in arterial pulse physics). Another notable consideration is that most real-world dynamics
problems are forced vibration (For example, the periodical blood flow caused by heart-
beat can be treated as the input force to trigger the arterial pulse) rather than only IVPs.

Therefore, it is necessary to introduce the u(t) to describe the ODEs input.

Most importantly, with the intention of incorporating physical knowledge into the
architecture of Neural ODEs, the physical dynamics f,(-) are embedded into the Neural
ODEs with the input u(¢) and forms:

%Ef) = NN (h(t),u(t),t,0) + fon,(h(t),u(t),t). (4.22)
By embedding physics-informed term, it can be observed that the neural networks play
the role of ’residual’ between the physics and practice. Hence, the learning system no
longer needs the considerable amount of data to learn the generation from scratch, it will
focus more on the ’discrepancy’ such as the difference between ubiquitous physics and

different individuals cases.

An example explanation is given: In purely data-driven tasks that learns ECG/pulse
from the mmWave signals, they usually build a very complicated and deep network model
to learn the generation of ECG/pulse from mmWave. The core of this approach is to ’fit’
the mmWave signals with the ground truth ECG/pulse. In contrast, the proposed approach
is to use the periodical mmWave signal as the input to feed into the physics-informed
learning system, the basic reference ECG/pulse is generated by physic dynamics and
the neural networks take the states and mmWave signal as inputs and it outputs the new
modified derivatives of the states of the real-case. It only needs to learn how to transfer
from standard ECG/pulse to the true user’s ECG referring to the mmWave signal sampled

from the particular user.

Finally, the solutions of the ECG/pulse-physics-informed neural ODEs: z for ECG
and P, are respectively obtained and used for final ECG and pulse reconstruction. First,
the Eq. 4.19 and Eq. 4.20 are reformatted by the state space forms. Then the mmWave

signals are introduced as the system input (mmWave phase from heart position S,eq+(t)
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and signal strength from wrist s,,;s(t) obtained in Section 4.2) in these two ODEs. Af-
terwards, the neural networks with the input of all the states and mmWave signals are
incorporated to form the physics-informed Neural ODEs. Last, the solutions are obtained

by solving these two physics-informed Neural ODEs:

=N

) (0) . (t)
g(t,) | = |g(0)| + /0 p(NNl G(t) | » Sheart(t)
Z(tp) z(0) Z(t)
@ —w 0 Z(t)
+lw a 0] |g®) (4.23)
0 —1| |z(¢)

0
AG?
— 1o Z alAGZ exp <— 2b21 > + Sheart(t) >dt7
|| \ietrars '

for ECG task and

Pt [Pu®] Poy(t)
fl (tp) = fl(()) + /0 (NNQ fl (t) ) Swrist(t)

Poa(tp) Pa(0) Poa(t)
4.24)
U Cip 0 Pap(t) S”Sij;(t)
+1+ 0 -1 Lty |[+] o0 )dt,
0 Cid RalCad Poa(t) Rféad

for arterial pulse task.

In the above, some parameters needs to be obtained in prior. In ECG task, w directly
determines the heartbeat rate during the observation period and it can be estimated by
performing FT on the mmWave phase Sj.q.+(t) from heart position and finding the corre-
sponding frequency; the initial values [Z(0), §(0), 2(0)] are set to be [0, —1, 0] since these
three points are corresponding to the start point of the ECG period [64]. To synchronize
mmWave phase and ECG dynamics, the mmWave phase will be set to start from the first
valley point as this point is corresponding to the start point of ECG period. In arterial
pulse task, [P,,(0), I;(0), P,4(0)] are set to be [1.25,0,1.25] by to manually adjustment
according to the solution of Eq. 4.20. It should be noticed that in the experiments, the

selection of the initial values is not very strict, as the neural network is still capable to
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compensate’ the offset of the error caused by initial values so the performance will be
less affected. The neural networks in both ECG and arterial pulse tasks, NN;(-) and
N Ny(+) are composed by three fully connected (FC) layers with 4 input and 3 output and
activated by the leaky ReLLU function.

4.3.3 ECG and Pulse Learning Model and BP Inference

{ ECG ‘

Encoder Decoder
> -~~~ .  Solve ODE| =
{ NODE > &(t) 71> Gt + 1) =\I '
Measured : ettt ! ) E Recovered
mmWave o . _ . ! \ ECG
phase >
T Input to encoder | )
mmWave
ncoder
Refined NN
’ Pulse \ \ 4
Encoder Decoder
GO} b noDs >3ty S OPEL grrgyy ™
2O NODE > 2(0) =37 'w > ’
Measured 4 e 1 ) E Recovered
mmWave i . . _ . i \ Pulse
strength >
T Input to encoder | )
mmWave
ncoder
Refined NN

Figure 4.5 : Overview of the learning model.

Residual Block x 2

1x 3 Conv
1x 3 Conv

1 x 3 Conv
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Batch Norm

Batch Norm
ReLU
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(a) The encoder/decoder module.
Figure 4.6 : Physics-driven Learning structure of ECG and Pulse recovery and BP

Estimation.
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The deep learning model is shown in Fig. 4.5. Specifically, the mmWave signals:
phase and strength are respectively fed into the physics-informed Neural ODEs of ECG
and pulse tasks. Then the solutions are obtained by Runge-Kutta ODE solver. After
solving the Neural ODEs of both ECG and pulse tasks, the output states z and P, are

selected as they are corresponding to the ECG and pulse wave respectively.

To refine the prediction and increase and temporal correlation, Z and P paired with
mmWave phase Spcq+ and S,,.;5; are input to the simple encoder-decoder. This encoder-
decoder is used as the complementary part of the Neural ODEs. One function of this
part is to make the predicted ECG/pulse strictly aligned with the ground truth ECG/pulse
cycle, thereby it requires to input the mmWave signals as a reference because the extracted
mmWave phase/strength from the user contain the truth cycles. Further even the user is
asked to be static, it is still inevitable that sometimes there might be some tiny motion on
the tested arm and the amplitude is usually greater than the cardiac and pulse mechanical
vibration, but the neural network (encoder-decoder in this chapter) is capable of suppress
this type of interference [34]. It is noted that the coarse ECG and pulse have already been
learned from the previous physics-informed Neural ODEs, and this encoder-decoder is
only targeted on aligning the cycles and suppressing the interference. Thus its architecture
is not very deep and complicated (its architecture is shown in Fig. 4.6a), it only contains

two 1-D CNN blocks, which is much simpler than the purely data-driven approaches.

Once the reconstructed ECG and pulse are acquired, the PTT are extracted by find the
period of pulse peaks and R peaks. Then BP is estimated by building a linear regression

model.

4.4 Implementation and Evaluation

4.4.1 Implementation

Unless stated otherwise, the experimental results reported in this section are based on

the setup.

Data Collection. 30 volunteers (18 males and 12 females) without the known health

condition related to the evaluation are invited for data collection. This research is granted
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Figure 4.7 : Experimental Setup

by the institute’s ethics approval. The ages of volunteers range from 20 to 54 years. Dur-
ing the test, they are asked to sit with the supported backs and reach out their left arm.
The Ti IWR1843BOOST mmWave radar is deployed to collected the mmWave signals.
The ground truths of ECG and arterial pulse are collected by NUL-218 electrocardiogram
logger sensor and NUL-208 pulse logger sensor that provides Python API and data syn-
chronization USB interface. The blood pressure is captured by MKB0805 blood pressure
module that allows to read the data from UART in Python. In total approximately 100,000

cardiac cycles are collected. The sampling duration is set to be 60 secs for one time.

Experiment Setup. The mmWave radar is placed and fixed in front of the user. The
field of view (FoV) is adjusted to cover the user’s chest and the left arm. The data col-
lection and testing setup are shown in Fig. 4.7. In the experiments, two transmitting
antenna 1 and 3, and all the receiving antenna are enabled that forms an uniform linear
array (ULA) with 8 elements. The detailed configuration of the mmWave radar is shown

in Table. 4.3.

Metrics. The root mean square error (RMSE) and Pearson correlation coefficient
(PCC) are used to evaluate the similarity between reconstructed waveforms and the ground
truths waveforms of ECG and arterial pulse. The mean error (ME) and the standard devi-
ation of mean error (STD) between the estimated BP and the corresponding ground truth

BP are utilized to evaluate the BP estimation.

Implementation Platform. Our scheme is implemented using Python, with PyTorch
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Table 4.3 : Parameters of mmWave Setup

Parameters Value

Start frequency 77 GHz

Frequency slope | 70 MHz/us

Idle time 43.10 us
Sample Number 256
Ramp end time STus

Sample rate 5.5 MHz
Frame periodicity 20 ms

utilized for learning model construction, training and testing. And we employed the
python interface for radar data capture. The system operated on a desktop computer
equipped with an Intel(R) Core CPU 17-9700 (3.6 GHz A4) and 32GB of memory. Model
training is accelerated using a GPU RTX6000.

4.4.2 Overall Performance
ECG Recovery

The ECG morphology is evaluate by PCC and RMSE first. Referring to Fig. 4.8d, the
example shows that the ECG waveform is well reconstructed and the cycles of the ground
truth and the reconstructed waveform are aligned. Also the cardiac activities of Q, R, S,
and T waves are also recovered and close to the ground truth. Fig. 4.8a illustrates the
morphology similarity performance by cumulative distribution function (CDF). It can be
observed that it 80 percent samples achieves over 95 percent of similarity, and the most
of test samples achieves over 0.85 PCC. The CDF of the RMSE is also depicted in Fig.
4.8b, where the RMSE of all samples are below 0.35 mV and 90-percentile RMSE is 0.25
mV. Besides, the timing error of the cardiac events is also shown in Fig. 4.8c. The median
errors of Q, R, S, and T waves are respectively 16.6 ms, 9.6 ms, 13.9 ms and 15.7 ms.
The R wave achieves the best performance as the amplitude of R peak is larger than other

three cardiac activities, which makes its feature more remarkable and easier to be learned.
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(d) The example of ECG waveform recovery.
Figure 4.8 : The performance of ECG waveform recovery.
Pulse Recovery

Similar to ECG evaluation, a pulse waveform recovery example is shown in Fig.
4.9c. The result shows that the recovered the pulse waveform could well aligned with
the ground truth pulse. Despite of the discrepancy at the low amplitude part, the pulse
cycle is almost consistent with the reference, which reveals the effect of the proposed
physics-embedded neural networks and the encoder-decoder method. The CDF charts of
the PCC and the RMSE are listed in Fig. 4.9a and Fig. 4.9b to evaluate the overall per-
formance of the similarity and error. It can be observed that most of the testing samples
achieve about 90 percent of similarity, and the median correlation is 93 percent. Besides,
about 80 percent of samples achieves less than 0.06 mV RMSE and the median RMSE
reaches 0.03 mV.
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(c) The example of pulse waveform recovery.

Figure 4.9 : The performance of pulse waveform recovery.

BP Estimation

The performance of BP estimation is shown in Fig. 4.10. The Bland-Altman diagram,
which charts the estimation error and reference BP on the vertical and horizontal axis, is
utilized to visualize the performance. For the DBP estimation, the ME and STD are -0.69
mmHg and 6.71 mmHg. The ME and STD of the SBP are -0.51 and 7.76 mmHg. The pro-
posed method slightly outperforms the minimum requirements of the FDA’s AAMI [66]
for a medical BP device (i.e., ME < 5 mmHg, STD < 8 mmHg). In addition, the lim-
its of agreement (LOA) of DBP and SBP are [—13.15, 11.46] mmHg and [—14.8,13.77],
and over 95 percent of data are within the this area. Besides, the median errors of DBP
and SBP are 4.59 mmHg and 5.18 mmHg. This overall performance shows an accept-
able measurement results, even though there is still a discrepancy between the proposed

non-contact sensing scheme and the standard BP measurement.
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Figure 4.10 : Bland-Altman diagram of BP estimation results in SBP and DBP.

4.4.3 Comparison

The comparison with the state-of-the-arts is conducted. It should be noted that many

of these works collect data individually, resulting in variations in data collection environ-

ments, testers characteristics, and device setups. Additionally, datasets in this domain are

rarely open-sourced. Hence, the comparison cannot represent the proposed the scheme is

better than other listed methods.

Table 4.4 : Comparison of ECG recovery.

Method PCC | RMSE
RF-ECG [67] 0.864 | 0.1
CTL-ECG [62] 0.89 | 0.081
AIrECG [68] 095 | 0.1
Proposed method | 0.947 | 0.16

Table 4.4, 4.5 and 4.6 illustrate the comparison of performance on ECG, pulse wave

recovery and BP estimation, respectively. In the task of ECG recovery, the proposed

method achieves 0.947 of the median correlation, which is almost consistent with the

best one (0.95). Meanwhile, our method achieves the best performance (0.93 PCC) on

pulse wave recovery out of the other two SOTA methods. Even though the STD does



Table 4.5 : Comparison of arterial pulse recovery.

Method PCC
Geng et al. [69] 0.84
Hu et al. [70] 0.903
Proposed method | 0.93

Table 4.6 : Comparison of BP estimation.

ME: STD: Correlation:
Method

DBP/SBP | DBP/SBP | DBP/SBP
Hu et al. [70] 0.12/-1.8 547/6.82 | 0.85/0.86
hBP-Fi [71] 1.99/-2.05 | 6.3/6.83 0.8/0.8
AirBP [63] -0.23/-0.3 3.79/4.80 | 0.94/0.94
LSTM-based [63] | 0.19/0.688 | 5.33/5.07 | —
Proposed method | -0.69/-0.51 | 7.71/7.76 | 0.82/0.84
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not achieve the best performance in BP estimation, the ME is still comparable with the

current best work [63], and the correlation ranks the second over all the compared work.
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Figure 4.11 : Impact of Physics driving.
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In this section, the ablation is conducted to evaluate the performance of physics driv-
ing. We compare the performance of the proposed method and the purely data-driven
method that remove the physics Neural ODE:s in the learning model. The results are de-
picted in Fig. 4.11. Regarding of waveform recovery, the similarities of both ECG and
pulse with physics are higher than the case without physics. Especially, a significant gap
of nearly 15 percent PCC could be observed in pulse waveform recovery, as shown in Fig.
4.11c. Also in RMSE, the cases without physics have larger error than physics-driven
cases. Further, the errors on BP estimation is lower with the assistance of physics (shown
in Fig. 4.11e), and this could be caused by that the ECG and pulse waveform recovery
performs better with physics driving, which contributes to a more accurate localization of
key cardiac events (R peaks on ECG and peaks on pulse waveform), thereby achieving a

better inference of BP.
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4.4.5 Impact of Distance

1.0

%
5
o}
8
8

e
©

e ]
[N 1
T

[5]

o
o

Correlation

Correlation
o
o

i
'

°
IS

00 00 omol—[]—{o
e o
3 8

d
«

o oo0o© o omoc-*-”{

L
i

[0}
0.2

o
ES

o o]
30‘cm 35‘cm 40‘cm 45‘cm 50‘cm 30‘cm 35‘cm 40‘cm 45‘cm 50‘cm
Distance Distance
(a) ECG Waveform Similarity. (b) Pulse Waveform Similarity.

SBP o °
60 DBP - ®
_ o
40 -
? o
€ o 8 ° 8
g 20 A
wn
s
&
O -
-20 - L1 1
o (e
b (¢
30::m 35'cm 40'cm 45'cm 50::m

(c) BP Estimation Errors.

Figure 4.12 : Impact of Distance Variation.

The results in different distance between the testers and the mmWave radar is shown
in Fig. 4.12. It can be observed that with the increase of the distance, the performance
of ECG, pulse waveform recovery and BP estimation drops differently. As shown in Fig.
4.12a, even the distance increased to 50cm, the PCC is still closed to 0.8. However, the
similarity declines more remarkably in pulse, the similarity drops to 0.78 PCC in 40cm
and decreases to about 0.6 PCC at the distance of 50cm (shown in Fig. 4.12b). Such a
phenomenon could be induced by that the signal from the wrist is usually weaker than the
heartbeat from the chest, thereby the signal-to-noise-ratio decrease more than heartbeat.

Therefore, the performance pulse recovery is more sensitive to the distance increase than
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ECG recovery. Besides, in the BP estimation error, the error also grows when the distance
is over 40cm (shown in Fig. 4.12c¢), which fulfill the observation from the ECG and pulse,

as it depends on the key cardiac events in both recovered waveforms.
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Chapter 5
mmWave Imaging based User Identification

Despite that the vital signs could be captured in a robust and accurate level, there is still a
question which user is currently being monitored. This goal is usually obtained by using
camera or other users’ unique features like fingerprint or iris, but during these process,
the sensitive information always be recorded, which might cause privacy concern. In this
chapter, the method of user identification by purely using mmWave modal is studied, and
it focus on learning the features extracted by imaging the users’ body profile via mmWave

radar.

5.1 Adaptive Imaging for Moving Person

This chapter describes the radio imaging part of the proposed scheme. It will first
introduce the basic principle from the view of signal model. The challenges under the
practical scenarios will be discussed. Following this, the proposed ISAR-based imaging

approach will be elaborated.

5.1.1 Signal Model for Human Body Imaging

Cross Range

B

Range\ - Y

—_—
X

Figure 5.1 : Approximation in non-uniform grid (polar coordinate) to uniform grid
(Cartesian coordinate) under the short-time translational motion.
In practical scenarios, an individual’s motion trajectory may exhibit variations, poten-

tially following either a curved or a straight-line path within a brief time interval of several
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Figure 5.2 : The diagram of signal re-modeling.

seconds. The person motion can be considered as the translational motion from one point
to another. In this case, we can place the radar at one side of their moving routines and
image each moving person’ body profile. We then make the following assumptions: (1)
the doppler frequency of each scatter on the person is close, as the body parts tends to
have the relatively small motion compared with the while translational movement; (2) the
object person contain no body rotation when moving; (3) the coherent processing interval
is short in each mmWave frame (this is available in most of the COTS mmWave radar);
(4) The observation angle from the view of mmWave radar is limited since the obser-
vation period is set to be short, 3-4 seconds in our scheme. Therefore, the non-uniform
signal space (radial range and angle) can be approximated by a uniform grid space shown
in Fig. 5.1 (An example is provided: when the observation angle  is from —20° to 20°
and the radial range r is about 2m, the trajectory is a curve (the polar coordinate). Using
x = r-sin(f) and y = r - cos(f) to calculate the Cartesian coordinate, we can obtain
(—0.52,1.41), (0.52,1.41) and (0, 1.5) for —20°, 20° and 0°. The translated trajectory
can be approximated to a line that starts from (—0.52,1.455) to (0.52,1.455), and the
maximum approximation error is 0.045 m, which is much smaller than the size of a real

human body.).

The proposed radio imaging technique is derived from the ISAR algorithm [72]. To
elaborate it, we begin by creating a uniform 2D xy spatial plane using Cartesian coordi-
nates to represent the signal, as illustrated in Fig. 5.2. For simplicity, we disregard the
vertical axis z (or elevation in polar coordinates) in this initial stage, with an in-depth

exploration of imaging along the z-axis planned in this section. The person is located at
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Figure 5.3 : The workflow of human body imaging.

the range of R and the angle of ¢ with respect to a mmWave radar.
Typically, a frequency modulated continuous wave (FMCW) radar transmits a series
of pulses periodically. The transmitted signal can be expressed as:

t—nT
T

sp(t,n) = Age?? et ar ) pecy( ), (5.1)

where Ay is the signal amplitude, f. is the carrier frequency, B represents the bandwidth
and T" denotes the chirp duration time, and n denotes the pulse index. In addition, rect(z)
is the rectangular function defined as:

1, if|z| < 0.5,
rect(z) = (5.2)

0, otherwise.

The received signal at an antenna from the i** scatterer at location (x;, y;) of the person

at the range R can be expressed by:

. t—7—nT
sr(t,n) = poejzw(fc<m)+%<H)2)rect(#)’ (5.3)
where py is the received signal amplitude, 7 = 2R/c is the round-trip delay and c is the

speed of light.

To extract the target’s range and Doppler information, the received signal is mixed
with a reference signal from the local oscillator (LO) and the output is passed through a

low-pass filter to remove the high-carrier-frequency component. The resulting baseband
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signal can be expressed as:

t—7—nT

s(t,n) = poe—ﬂ”(ch%”)rect( T

). (5.4)

Since n denotes the pulse index, which corresponds to the sequential order of transmit-
ted pulses over time. This time axis, which usually increments at the step of the pulse
repetition interval (PRI), is commonly referred to as ’slow time’. The received signal for
each pulse is often stacked to form a 2-D matrix, with ¢ and n representing fast time and
slow time, respectively. Since 7 is usually much smaller than the pulse duration 7, the
rectangular function can be neglected. Letting f = f. + %t,t € [0,T1, the signal at a
slow-time step is given by:

s(f) = poe . (55)
Defining the wave number k£ = @, the signal in Eq. 5.5 is rewritten as:

s(k) = poe R, (5.6)

Next, we convert the scalar models from 1D (range) to a 2D plane by decomposing
the signals into the range (y-axis) and slow-time (x-axis) dimensions. Considering the
signal propagation direction ¢, the wave vector components (k,, k,) can be expressed
as: (ky, ky) = (kcos¢,ksin¢) (shown in Fig. 5.2). Here, k, and k, describe the spa-
tial frequency components of the radar signal in the horizontal and vertical dimensions,

respectively. Then the signal is expressed as:
5(ky, ky) = poe P2 Eetthm), (5.7)

This expression shows that the scatterer at location (x;, y;) contributes a phase shift pro-
portional to its position, which is essential for resolving the target’s spatial shape. When
the observation time is short, and the person is moving at a low speed, the changes in
the radial range R and slow-time can be approximated as closely following the variations
along the y and x axes. Consequently, s(k,, k,) can be effectively approximated within
the Range-Doppler domain by applying a 2D Discrete Fourier Transform (DFT) across

the fast time and slow time dimensions, as previously discussed in [73]:

s(ky, ky) >~ DFTop(s(t,n)). (5.8)
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Figure 5.4 : An example of trajectory tracking and motion compensation.

After obtaining s(k,, k,), a matched filter H (k,, k,) = e/2(k=@i+ksi) i5 applied to fo-
cus on the scatter point at (z;, y;). This filter compensates for the phase delays introduced
by the wave propagation. Finally, the 2-D Inverse Discrete Fourier Transform (IDFT) is
performed to recover the final image. The whole image recovery process can be summa-
rized by:

Image(z,y) = IDFTop(DFTop(s(t, n))H (ks, ky))- (5.9)

5.1.2 Challenges in Real Scenarios

However, there remain several challenges in practical scenarios for human body imag-
ing:
1) Moving Person Focusing: Precisely focusing on a moving person presents a chal-

lenge, primarily due to interference from other objects in the surrounding space. This

interference can result in the mis-localization of the person.

2) Complex Motion Patterns: The motion of the person involves nonlinear trajecto-
ries, including distortion, deceleration, and acceleration. These complex motion patterns
make it difficult to both focus on and accurately identify the person’s reflection position.
In this case, designing an effective matched filter becomes a challenge as it necessitates

acquiring the reflector’s position beforehand.

3) Computationally Intensive Image Recovery: The process of image recovery re-

quires traversing all spatial positions in the z — y domain, demanding significant compu-
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tational resources and time.

Hence, there is a pressing need for a scheme that can effectively address the following
key objectives: (1) estimating the person position automatically and accurately (2) com-
pensating the nonlinear motion patterns and (3) reducing the computation cost, preferably,
compressing person’s movement to one axis (x or y) instead of scanning in both two axes

(z and y) is expected to be proposed. And it will be discussed in the next section.

5.1.3 Imaging with Focusing and Nonlinear Motion Compensation

The proposed scheme is depicted in Fig. 5.3. It will be divided into four parts to

clearly illustrate the process.

Trajectory Identification. After reformatting the data, we perform a DFT on s(¢,n)
across the fast time domain, resulting in the range profile. This transformation yields the
range-cross range domain, as illustrated in Fig. 5.4a. It is worth noting that in environ-
ments containing other stationary objects, these objects will manifest themselves in the
range profile at every cross-range index. However, by subtracting the mean value across
the slow time, the static objects can be filtered out, thereby highlighting the moving per-
son. The rationale behind it lies in the fact that the phase in the signal contributed by a

moving person varies with time, while the phase of static objects remains constant.

Moreover, the Doppler interference also becomes visible after mean subtraction. It
is known that the Doppler is caused by the variation of range when the object is mov-
ing. The cross-range domain, formed by stacking all range profiles over time, illustrates
this variation, revealing Doppler information. An example is presented in Fig. 5.4b. Af-
ter applying the mean subtraction, the motion variation of the person becomes clearly
discernible. Notably, the person’s position varies at different distances within the range
profile across cross-range, generating Doppler. Furthermore, the trajectory exhibits non-
linear attributes, including distortion in the midsection and deceleration toward the end.
It is noteworthy that in cases of constant object speed (indicating linear range variation),
Doppler remains constant. Hence, nonlinear factors such as distortion and deceleration

contribute to Doppler interference. Motion compensation methods are discussed next.

Motion Compensation. Next we carry out the motion compensation to eliminate the
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range shift caused by these negative motion factors. In this process, the trajectory can
be shifted to a straight line in y axis (approximated to range axis). The reference range
profile which contains highest power is recommended to be chosen and the range of the

peak is the selected focused range.

The focused reference distance is calculated by performing DFT in the fast-time do-

main after mean subtraction over all the observation chirps and finding the maxima:

N-1
1
Ry = argmax  |DFTy(s(t,n) — — g s(t,n))l,
n€[0,N—1],R€[0,Rm] N n—=0

where R is the index of range bin after DFT in the fast-time domain, and R,,, denotes the

total number of range bins (R,, = (KQE)C and K is the DFT size.). As depicted in Fig.

5.4b, the range of the person undergoes changes over the slow time due to its movement.
Therefore, when a reference range R is chosen, the person’s range can be expressed as
Ro+ AR(n). Referring back to Eq. 4.6 and disregarding the rect(-) term, we can express
the signal at the n, slow time index as:

2Rg+AR(n) B
Ofn(fc"r?t)‘

s(t,n) = poe %" (5.10)
After reordering the equation, we obtain:
5(t,n) = poe I e et B0 a2 S (e ) (5.11)

Similar to Eq. 5.5 and Eq. 5.6 in Section 5.1.1, where [ = f. + %t and k = @, we

can express the signal model as:
s(k,n) = poe_ﬂ”kROe_j%kAR(”). (5.12)

It can be observed that to compensate the range shift, we use e/27*~%(") and cancel the
slow-time-variant part e ~727*2~£() in the equation above. In this case, we initially esti-

mate AR(n) across the slow time.
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The cross-correlation is used to estimate A R(n). In practice, noise in the system may
cause false peaks and large range estimation errors. Such errors can be mitigated by using
the cross-correlation method that considers the similarity of the whole range profile. It is
performed between the selected range profile and all of the profiles. To make this process
faster, this can be carried out in frequency domain [72]. DFT is firstly performed on both
reference profile and other to be shifted. Then the conjugate reference profile is multiplied
with each one and this is followed by IDFT to transfer back to the range domain and obtain
the cross spectrum. At last, AR(n) can be acquired by searching the peak index from the
correlation spectrum (shown in Fig. 5.5):

AR(n) = argmax cor(Syef(R),S(R,n)), (5.13)
R€[0,Rmac]
where cor(-) represents the cross-correlation operation, and R,,,, denotes the maximum
range of range profile. It is noted that this parameter is controlled by the bandwidth B,
chirp duration time 7", sampling frequency f; and the number of samples in fast time of
mmWave radar configuration (shown in Table. 5.1).

Then the compensation of the motion is performed refer to AR(n) in the cross spec-

eijAR(n)

trum. The compensation factor is used to multiply with the original signal,

which can be expressed by:

Sshite(t, ) = s(t, n)ej%AR(”). (5.14)

MIMO Imaging with Focusing. Fig. 5.4b and Fig. 5.4c depict the range profile
before and after motion compensation. It can be observed that after conducting the com-
pensation, the range profile becomes more linear and whole motion pattern is projected
and compressed to x-axis (only in cross range and focusing on fixed R;). Here, it should
be noted that the movement is compensated to the selected reference range R, (radical
range in polar coordinates) but ¥, is the distance in Cartesian coordinate. According to
the assumption in Section 5.1.1, g is very closed to Ry in the valid field of view (FoV) (it
is usually less than 10 cm difference), so 7y can be approximated to y,, where 1, in the

following article is identified by Ry and used for imaging.

Given that the position along the x-axis is identified, there is no necessity for a 2D FT
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on the matrix. Instead, we conduct a DFT over the slow time, expressed as:
Sshift(ta kx) = DFTn(Sshift(ta TL)) (515)

Due to the fixed y,, the exhaustive scanning of the entire xy plane for imaging and
matched filter design becomes unnecessary. The matched filter can be limited to a sin-
gle dimension, specifically in terms of k,. By leveraging the relationship (k,,k,) =

COoS @, k s1n @), which yields = — k2%, the matche ter 1s simplified as:
k o, k si hich yields £, k? — k2, th hed filter is simplified

H(k,) = e?2woVk* =k (5.16)
Then the image at (z, yo) can be obtained by perform 1-D IDFT over k, domain:

Image(z, yo) = IDFTy, (Sshjft<kx)€j2y0 \% kz’k%). (5.17)

Since the MIMO radar is used in our scheme and the antenna array is placed vertically
(shown in Fig. 5.9), the AoA @ of elevation (equivalent to z axis) can be obtained by
perform FT over the antenna arrays to obtain the final image, and this can be represented
by:

Image(, yo, 0) = DFT,(IDFT}, (Squin (K, 1)e7200 V=2, (5.18)

where [ denotes the antenna index.

Computational Complexity. Compared to the original imaging method, the proposed
approach exhibits reduced computational complexity. Assuming the number of DFTs
performed on both the fast and slow time domains is denoted as M and N respectively,
and for simplicity, considering that the spatial bins of the xy plane are set to be M for
the x-axis and N for the y-axis. In the proposed approach, a 2D DFT is performed
once initially. Subsequently, it requires the matched filter to search all spatial bins, fol-
lowed by IDFT each time. This results in a computational complexity of approximately
MN(MN +1)log(MN) for the original method. In contrast, with the motion compensa-
tion effectively compressing motion to the x-axis, there is no need for a full 2D plane scan
to design the matched filter. Additionally, the proposed scheme only employs 1D DFT
and IDFT once. Even when considering the computation required for trajectory local-
ization and motion compensation, the overall complexity remains lower at approximately

MN (3log M + 2log N).
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(a) Unprocessed ISAR. (b) Our Imaging scheme.

Figure 5.6 : Comparison of imaging performance.
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Figure 5.7 : ResNet based multi-range fusion Re-ID network architecture.

5.1.4 Sensing Performance and Comparison

Here, we present some results in Fig. 5.6 to demonstrate the imaging improvement
that can be achieved by our proposed imaging scheme, compared to the unprocessed ISAR
method. In the unprocessed result shown in Fig. 5.6a, the image is defocused and blurred
because of the lack of phase error correction. In contrast, the imaging result obtained by

the proposed method shown in Fig. 5.6b accurately portrays the user’s body profile.

5.2 Identification Model

In this section, the learning based methodology is introduced for training and user
identification. The main contents contain the feature extraction neural networks and the

training scheme of arc-margin loss.
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5.2.1 Feature Extraction Network

As discussed in the previous section, the reconstructed human body image is expected
to represent unique body characteristics for different users. Given that an individual’s
body can be influenced by various factors such as height, weight, figure, and more, these
images hold the potential for user identification and authentication. Extensive research
efforts have been directed towards feature extraction from these images, with deep con-
volutional neural network (DCNN) based methods emerging as a proven and dominant
approach. These methods have gained traction not only in computer vision but also in the

domain of radio images.

ResNet [74], is one of the primary and efficient DCNN for feature extraction. ResNet’s
pivotal innovation lies in its residual block, which plays a crucial role in reducing overfit-
ting during the training process and enhancing inference performance. The architecture
of the residual block employed in this chapter is depicted in Fig. 5.7. It consists of two
3 x 3 convolution (Conv) layers, two Batch Normalization (BN) layers, and an activation
function, Rectified Linear Unit (ReLU). In our model, the input part comprises a 3 x 3
convolution layer, followed by BN and ReLLU activation. A total of 5 residual blocks are
applied to form the complete network architecture. Towards the end of the network, an
average pooling layer (Avg pool) and a fully connected network (FCN) are employed to

map the features into a 1 X 512 vector.

The mmWave radar usually has high range resolutions and the scattering points from
human body could change during the movement, potentially leading to slightly varying
imaging results for the same user. To improve the robustness of the scheme, the imaging
results from the adjacent range bins of the reference are input to the neural network. Our
approach involves applying multiple matched filters (in our work, we use 5 filters with
5 cm interval distances) to obtain multiple images around the selected range y,. It is
reasonable to expect that using features from multiple images captured at adjacent ranges
can be beneficial for classification, as it provides more information. Therefore, our neural
network (NN) must be capable of effectively fusing these images. In conventional image
classification tasks, RGB images are processed by convolutional layers that operate on the

three color channels. However, in our task, the images generated by radio imaging exhibit
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causality in terms of ranges. These multiple images cannot be straightforwardly placed
into separate channels. Instead, they are individually fed into the network, and the output
features from these different images are concatenated before being input into a final FCN

for classification. The overall architecture of our model is visualized in Fig. 3.4.

The number of input radio images is set to be five corresponding to performing five
different matched filters at the ranges of ¥, yo =5 cm and yy &= 10 cm. Since the mmWave
radar is placed at 45° with respect to the wall, the width of the users, therefore, will be
compressed. And £20 cm 1s enough to represent most of the users. It should be noticed
that increasing the number of input images entails conducting more matched filtering at
smaller intervals around the reference range 1, necessitating the addition of more paral-
lel residual blocks. This can potentially improve the performance, but it could inevitably
increase the computation time, GPU memory usage and training duration. Therefore, the
balance between the accuracy and the cost of computation resources need to be consid-

ered.

5.2.2 Training Strategy and Loss Function

In conventional classification tasks, the training strategy often involves using the soft-
max function as a loss to train the network to distinguish between multiple classes. While
softmax is known for its high performance in classification tasks, it has a critical limitation
that cannot be overlooked: it lacks the ability to effectively handle intra-class appearance
variations. In scenarios where data is collected from different ranges, places, and times
(as in our work, spanning over three months), even for the same individual, the features
extracted from data collected in the first month may differ from those collected in the
third month. If the model is trained using softmax, its identification capabilities could
deteriorate, making it less efficient in such situations. To address this challenge, we em-
ploy the Additive Angular Margin Loss [75], which has been demonstrated to effectively
handle the problem of large intra-class variation. The core principle of this strategy is to
maximize the cosine similarity among different classes while minimizing it for the same

class.

Specifically, recalling the softmax loss function and expanding the last FCN layer by



75

Current User

Images
_________ R i
User Gallery [ A
1 | Re-ID Model

-,

Registered User 1 —|->:
1

[
1
1
1
| i
: Registered User 2 —>
! |
! i
! 1
1
! |
1
1

___________________

__________

_____________ cos6,

€050, (Highest Score) |

Figure 5.8 : Identification Procedure in Test.

WTx + b, it becomes:

Loss = —— E log , (5.19)
N i=1 Z?:l Wi with;

where x; € R? is the concatenated feature of i-th sample belonging to ;-th class and the
feature dimension d is set to be 1024. W; is the j-th column of the weight W € R%*" (n
and N are the number of classes and batch size, respectively) and b; € R" is the bias. By
using the product between two vectors, it yields Wz; = ||[W;|| ||| cos 6; and 6 is the
angle between WW; and ;. By using [, normalization to remove the magnitudes and adding

a re-scale factor s and penalty m, the final Additive Angular Margin Loss becomes:

es(cos (Byi +m) )

: (5.20)
eyi+m)) + Z.?:l,j#yi escosf;

| N
Loss = —— log
N zzl es(cos(

By employing normalization and the cosine function, our approach compresses the feature
space into a bounded hypersphere, with the boundary defined by the rescaling factor s.
This means that even in scenarios with significant intra-class variation in the data, the
features are confined within this hypersphere due to the finite amplitude of the cosine
function. As a result, these features tend to cluster around the center of their respective

classes, leading to improved recognition performance and classification robustness.
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5.2.3 Identification

After training the model, the cosine similarity is utilized for user identification. The
cosine margin ensures that features belonging to the same class exhibit a higher cosine
similarity, while features from different classes have a lower similarity score. In this case,
user identification is transformed into a matching procedure (shown in Fig. 5.8). Specifi-
cally, known classes’ features are employed as the gallery of identities (selected from the
training/testing samples). When the Re-ID task is initiated, the current user’s images are
fed into the model, and the output from the FCN is treated as the input feature. Subse-
quently, an /s norm is applied to both the input feature and all the gallery features. These
normalized features are then used to calculate the cosine similarity between the input fea-
ture and all the gallery identities. Finally, the pair with the highest cosine similarity is
selected as the Re-ID result. It’s worth noting that this method isn’t a recognition process;

rather, it’s a pure matching procedure that aligns with the definition of Re-ID.

5.3 Implementation and Results

In this section, we will conduct a series of experiments to validate our scheme.

5.3.1 Implementation

Unless stated otherwise, the experimental results reported in this section are based on

the setup.

Data Collection. The datasets contain 25.6k samples from ten individuals. The vol-
unteers consist of 15 males and 15 females, and their heights range from 155 c¢m to 188
cm and the weights are between 42 kg to 90 kg. Therefore, the datasets are collected from
individuals who exemplify typical human characteristics. During the data collection, par-
ticipants were instructed to move freely from one side of a corridor scene to the other.
The participants had the autonomy to determine their own moving patterns, postures, and
walking speeds, with no specific requirements. We set the maximum sampling period of
the mmWave radar to 4 seconds for each imaging. The data collection period spanned
approximately three months. This diverse and extended data collection duration allowed

us to capture a wide range of human movement scenarios and variations.
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Figure 5.9 : mmWave radar placement. The radar is placed at approximately 45° with

respect to the glass wall.

Experiment Setup. We utilize COTS mmWave hardware, the TI IWR1843BOOST
radar, along with the data capture board TI DCA1000EVM. Two transmitting and four
receiving directional antennas are used, shown in Fig. 5.9. Therefore, a virtual an 8-
element uniform linear array (ULA) is formed in the vertical domain, with the vertical
angular resolution of 15 degrees. The radar was positioned at a 45° angle to the wall and
fixed at a height of 1.2 meters on a tripod. To ensure that the antenna was perpendicular to
the ground, the radar was rotated by 90° shown in Fig. 5.9. The radar configuration details
are provided in Table. 5.1. Notably, the sampling rates significantly impact the range
resolution. With a fixed number of sample points, increasing the sampling rate extends
the maximum range but compromises range resolution, leading to less precise estimations
and complicating phase shift compensation (Doppler) during user movement. Balancing
the configuration of sampling rates and sample numbers requires careful consideration of

specific scenarios and computing resources.

Metrics. (1) The Re-ID accuracy is the primary evaluation metric and represents
the probability of the current individual being correctly identified by RImID. (2) The
confusion matrix can provide more detailed information. In the confusion matrix, the
rows represent the ground truth ID, while the columns denote the predicted identities. The
value at the 7*" row and j*" column indicates the percentage of person i being identified

as person j. This matrix offers a comprehensive view of the identification performance.

Implementation Platform. Our scheme is implemented using Python, with PyTorch
utilized for model learning and Cupy for accelerating the radio imaging process. And

we employed the MATLAB interface for radar data capture. The system operated on a
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Table 5.1 : Parameters of mmWave Setup

Parameters Value

Start frequency 77 GHz

Frequency slope | 70 MHz/us

Idle time 43.10 us
Sample Number 256
Ramp end time STus

Sample rate 5.5 MHz
Frame periodicity 40 ms

desktop computer equipped with an Intel(R) Core CPU 17-9700 (3.6 GHz A4) and 32GB
of memory. Model training is accelerated using a GPU RTX6000.
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(a) The confusion matrix of 10 users Re-ID. (b) The performance of larger datasets with

more users.

Figure 5.10 : Re-ID performance.

5.3.2 User Re-ID Performance

The neural network comprises 5 radio images from adjacent ranges of reference dis-
tance (Yo, Yo = 5 cm and yo £ 10 cm) as input and is trained using a dataset consisting of
25.6k samples. This dataset is divided into 17,070 samples for training and 8,530 samples
for testing, maintaining a ratio of 2:1. Following a training period of 4 hours, the model

accuracy converges, achieving optimal performance as detailed next.
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Figure 5.11 : Sensing results and comparison between the proposed scheme and other

common methods.

10 Users Re-ID. We evaluate our scheme under the condition where 10 persons
walked in front of the mmWave radar. They are allowed to move freely, without any
specific restrictions on their movement patterns. The data collected during this evaluation
is not a part of the training process. The confusion matrix, as shown in Fig. 5.10a, illus-
trates the results, and it is evident that the accuracy for all users exceeds 98 percent. The
similarity score threshold is set to be 0.1 and is used to first determine whether the user
is existed or not. If the similarity score is below the threshold, the current label will be
directly recognized as non-user. This demonstrates the effectiveness of our approach in

correctly identifying individual persons in a real-world scenario with diverse movements.

Larger Scale Users Re-ID. We have also tested our scheme for more people without
changing the used neural network. The results are shown in Fig. 5.10b. The performance
degrades, as expected. However, it remains strong as the number of individuals increases.
Specifically, we can still achieve 95 percent and 93 percent accuracy with 20 and 30 users,
respectively. It is important to highlight that the complexity of neural networks generally
needs to increase with larger datasets to enhance learning capacity. Remarkably, in our
experiments with 20 and 30 users, we maintained the same neural network configuration
and learning strategy without adding new layers. This suggests that there is potential
for even greater performance improvements by scaling up the complexity of the neural

networks.
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5.3.3 Comparison with state-of-the-arts

As far as our knowledge, there have been limited prior works that focus on Re-ID
using radio imaging, and most of the state-of-the-art (SOTA) Re-ID methods are based on
gait analysis or point cloud data. Furthermore, many of these works collect data individ-
ually, resulting in variations in data collection environments, testers characteristics, and

device setups. Additionally, datasets in this domain are rarely open-sourced.

Here, we provide a brief overview of mmWave radar-based and camera-based SOTA
methods, along with their techniques and results. (1) Gait-based methods [79], [81],
and [84] rely on micro-Doppler patterns induced by gait for classification. (2) Point
cloud-based methods [78], [82] classify point cloud data generated by the entire person
during motion. (3) Range-Angle heatmap-based methods [77], [90] generate range-angle
heatmaps through 2-D spectrum analysis on the fast-channel domain, followed by recog-
nition. (4) Raw radar data [85] based method first organize the data into a 3D array in
fast, slow and channel axes, and directly feed it into a well-designed neural network, to
learn the pattern signals. (5) Optic photos [86], [87], [88], [89] based methods use RGB
cameras to capture the images and use the sophisticated networks to learn the texture fea-
tures for Re-ID. Table. 5.2 shows our work offers several advantages, such as the ability
to work over the long term (discussed in detail later), and it achieves higher accuracy
compared to the prior radar based methods. The optic photos based methods can achieve
higher accuracy than radar, because the optic cameras can always provide much higher
resolution, especially fine-grained texture features (distinct facial, physique images), than
radar. However, it may encounter problems with insufficient illumination and privacy

issues that typically do not arise in radio based Re-ID measures.

As shown in Fig. 5.11, we also compare the range-angle heatmaps and point clouds
generated by human bodies, as they can be used for direct comparison with our body
imaging scheme. From Fig. 5.11b, it is evident that due to the sparsity of the anten-
nas, point clouds are unable to represent the fine-grained features of the human body
accurately. Similarly, the range-angle heatmap generated using the DFT over the an-
tenna domain, as shown in Fig. 5.11c, struggles to capture the object person effectively.

Zero padding is often employed to address antenna limitations, but this leads to spatial



Table 5.2 : State-of-the-arts of Re-1D

Method Feature Accuracy | Long-term
Gait from
Meng et al. [76] 90% -
Pointclouds
Range-Azimuth
Fan et al. [77] Range-Elevation 96.5% Yes
Heatmaps
mlD [78] Pointclouds 89% -
) Gait from
GaitCube [79] 98.3% -
Micro-Doppler
Vital Signs and
MmSense [80] body Curve 93% -
from Beam Scan
Gait from
Pegoraro et al. [81] 98% -
Micro-Doppler
Cheng et al. [82] Pointclouds 78.46% -
Gait from
MU-ID [83] 97% -
Range-Doppler
Vandersmissen Gait from
78.46% -
et al. [84] Micro-Doppler
CubeLearn [85] Raw radar cube 98.06% -
Optic
Gu et al. [86] 99.8% Yes
camera images
Optic
SPOT [87] 96.44% -
camera images
Optic
DSCNet [88] 99.77% -
camera image
Optic
3DSL [89] 98.3% -
camera image
Range-Azimuth
Li et al. [90] Range-Elevation 95.9% -
Heatmaps
Ours Radio Body Image | 98.62% Yes

81



82

100

99.18
99 ¢

98 r

97+ 98,
96 |

Accuracy (%)

95t
94 .86

93— ‘ ‘ ‘
1 1.5 2 2.5
Distance (m)

(a) Distance impact. (b) Range test scenario.

Figure 5.12 : The impact of range. The range is the minimum distance when the person

passes over the radar.
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Figure 5.13 : Imaging Results showing range impact.

frequency leakage, and the person is only unclearly represented by a light area. The
Minimum Variance Distortionless Response (MVDR) [91] method, known for its super-
resolution capacity in estimating angles, still faces challenges in identifying person fea-
tures, as illustrated in Fig. 5.11d. In contrast, our proposed method provides a fairly
high-resolution representation of the person. As shown in Fig. 5.11a, the proposed sens-
ing scheme can generate the body profiles of the users, which provide more direct and
salient feature information of the user’s figure. Although it may not be as clear as an
optical camera due to the person’s movement, it still captures essential features like arms,
head, and torsos in the imaging result. This demonstrates the advantage of our approach

in generating detailed body images from radio imaging data.
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5.3.4 Impact of Distance for Imaging and Re-ID

To investigate the impact of distance, we conducted experiments where the person is
asked to move at different ranges: 1m, 1.5m, 2m, and 2.5m. The maximum distance is set
at 2.5m, reaching the wall on the other side (shown in Fig. 5.12b). It’s important to note
that as the person moves from far to near the radar, the cross-range also changes during
this period. The range refers to the distance when the person moves to the right in front
of the radar. The results, as shown in Fig. 5.12a, indicate that as the range increases, the
Re-ID accuracy decreases. At the maximum range of 2.5m, the accuracy drops to 93.86
percent. Even so, it can still demonstrate the robustness of our scheme even at longer

distances from the radar.

The quality of imaging results is indeed more sensitive to the distance of the object
person from the radar. At ranges of 2m and 2.5m, the images become more ambiguous,
as shown in Fig. 5.13c and Fig. 5.13d. The best imaging quality appears to be at 1.5m,
as depicted in Fig. 5.13b. Furthermore, when the person moves too close to the mmWave
radar, certain body parts may go beyond the FoV. This can be observed in Fig. 5.13a,
where the person’s head is not entirely depicted in the image at a distance of 1m, as
both the head and lower body are outside the valid sensing scope. This highlights the
importance of maintaining an appropriate distance between the person and the radar for

optimal imaging results.

The radio images exhibit diversity across different ranges, even when originating from
the same user. This variability may stem from noise propagation, variations in Angle of
Arrival, and fluctuations in received signal strength between far and close fields. To miti-
gate these effects, all images of a single user captured at different ranges are assigned the
same label and subsequently fed into the network. This approach enables the network to
learn common features shared by images of the same individual, which are less influenced

by range variations.

Interestingly, the accuracy at a range of 1m is lower than at 1.5m. This suggests that at
very close ranges, the person may go out of the antenna FoV, causing the imaging process
to miss the top and bottom parts of the person. This limitation can lead to a decline in

performance.
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5.3.5 Impact of Orientation Angle

(a) 30°. (b) 45° (c) 60°.
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Figure 5.14 : Impact of Orientation Angle.

To evaluate the impact of the orientation angle on system performance, we conducted
experiments for 30°, 45° and 60°, and present results in Fig. 5.14. It can be observed that
when the angle increases, the body figure becomes clearer as the mmWave radar beam
has a better projection of the body movement. When the angle is very small, only the

lateral side image can be obtained, and the image for the body profile cannot be obtained.

5.3.6 Impact of Moving Speed for Imaging and Re-ID

The impact of person movement speed is evaluated in this section, considering low
(0.5-1m/s), medium (1-1.5m/s), and high (> 2m/s) velocities. After training on the entire
dataset, a new dataset collected at different speeds is used for evaluation, ensuring that

the model is not trained on this specific dataset. The results are presented in Fig. 5.15.
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Figure 5.15 : Re-ID Results showing moving speed impact.

As expected, the highest accuracy of 97.18 percent is achieved when the person’s speed
is low. Conversely, as the speed increases, the accuracy tends to decrease. However,
even at the highest speed, the scheme still maintains a high level of accuracy, exceeding
90 percent. This demonstrates the robustness of our approach in recognizing individuals
across a range of walking speeds, making it suitable for real-world scenarios where walk-
ing speeds can vary. It should be mentioned that to address discrepancies among images
captured from the same user at varying speeds and ranges, we treat all the images from
the particular user as one label. And during the training process, all the images are fed
into the neural network together. Notably, speed is not provided as additional information
or labels to the network, with the objective of enabling the network to focus on learning

features less influenced by changes in range and speed.

The results reveal the following insight. Due to the fixed sampling period, the col-
lected data frames remain the same regardless of the person’s speed. However, when the
person moves at a faster speed, it covers a longer cross-range distance. Since the valid
cross-range of the radar is fixed, the person exits the valid field earlier, resulting in fewer
valid data frames. Consequently, the imaging quality is adversely affected, leading to a
drop in the model’s Re-ID performance. In this case, the imaging results provide a more
intuitive explanation for this phenomenon. In Fig. 5.16a, the best imaging quality is ob-
served at slower speeds. With an increase in the person’s moving speed, the image quality
deteriorates. Since the number of transmitted pulses is fixed, it implies that the sample
rate in the slow-time domain remains constant. When the speed is faster, the Doppler
frequency becomes higher. Under the fixed sample rate, this can lead to overlapping in

the slow-time domain, known as speed ambiguity, as illustrated in Fig. 5.16b and Fig.
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(a) Slow speed. (b) Medium speed. (c) Fast speed.

Figure 5.16 : Imaging Results showing moving speed impact.
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Figure 5.17 : Results showing

long-term impact.

5.16c¢. This overlapping makes it more challenging for the model to distinguish persons,

further impacting Re-ID performance.

The walking speed of the user also affects compensation. As the user’s speed in-
creases, the phase shift becomes more unstable, resulting in greater range variation and
subsequently amplifying Doppler interference. The estimation accuracy may decrease,
resulting in compensation less effective. Consequently, the quality of the radio image

generated may deteriorate, potentially leading to less accurate Re-ID.

5.3.7 Impact of Time Period

The effect of time periods poses a significant challenge for person Re-ID. In real-
ity, even within a short period, such as two consecutive days, a person’s appearance can
change. For instance, the person might have a different hairstyle or wear clothes with
varying colors or materials one day compared to the previous day. Over a longer term,

these variations can become more pronounced. For example, as the seasons change and
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it becomes winter, the person might start wearing a coat, leading to a noticeable change
in appearance. These variations can result in significant intra-class changes, leading to
a decline in the model’s performance. This phenomenon is often referred to as model

decline.

In this section, we explore the impact of time periods on person Re-ID. The dataset
is collected over a span of 3 months, approximately 14 weeks, which we split into four
parts. The training dataset comprises data collected in the first three weeks, while the
remaining data from weeks 4-6, 7-10, and 10-14 are used to test the Re-ID accuracy. The
results, as shown in Fig. 5.17, demonstrate that the highest accuracy (99.19 percent) is
achieved during the nearest weeks, as expected. However, even after two to three months,
the accuracy only decreases slightly to its lowest point, 92.77 percent. This suggests
that as the time period becomes longer, the accuracy experiences only a minor drop. This
behavior can be attributed to the nature of radio imaging, which provides fairly clear body
information of moving persons, and this information remains relatively constant over a
term. Unlike optical cameras that capture detailed appearance changes, such as hairstyle
variations, radio imaging focuses on consistent body structure. By using this consistent
body information as input and leveraging training loss functions and strategies, high-
dimensional features can be extracted, and intra-class changes are constrained, resulting

in consistently high accuracy.

Table 5.3 : The comparison of Softmax and Additive Angular Margin used in this work

Performance on Accuracy(%)
Method

Week 1-3 | Week 4-6 | Week 7-10 | Week 11-14
Softmax | 94.81 86.35 79.38 70.43
This work | 99.19 93.47 93.05 92.77

To verify the effectiveness of the classification loss function used in our framework,
we compare the performance of standard softmax loss and Additive Angular Margin loss
in our ISAR-based person re-identification task considering the long-term impact. Both

models use the same backbone architecture and training configurations, differing only in
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the loss function. As shown in Table. 5.3, although their results do not contain large
discrepancy in the first 3 weeks, the performance of the softmax drops significantly along
the period. In last collection period of week 11-14, the Additive Angular Margin loss
outperforms the softmax by approximately 22 percent accuracy. It could demonstrate that
Additive Angular Margin is capable of handling with the long-term Re-ID and suppress

the intra-class change from the radio images.
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Chapter 6

Conclusion and Future Work

In this chapter, we present a summary of our work in this thesis and discuss potential

future work.

6.1 Conclusions

The majority of this thesis has been focused on mmWave vital signs sensing and user
identification. Regarding vital sign sensing, we conducted two studies: 1) We investigated
the multi-modal sensing approach that fusing computer vision and the mmWave sensing
scheme for user localization in the complex environment and the interference suppression
of adjacent passengers and users themselves. 2) We investigated the integrated higher-
level vital signs sensing that contains a robust localization of heartbeat and wrist, and a

physics-driven deep learning approach for ECG and pulse recovery and BP estimation.

As for user identification sensing, we study the mmWave imaging approach to im-
prove the sensing fineness and long-term robustness. We proposed an enhanced mmWave
ISAR imaging method which could obtain the user’s stable body profile and addressed
the challenges of low spatial resolution in mainstream mmWave devices. We proposed an
end-to-end network architecture combined with a sophisticated training and identification
strategy, which could be capable of solving the problem of the performance decline in

long-term user ID.

We summarize our main contributions as follows:

* We proposed a hybrid mmWave and camera method to sense the breath and heart-
beat in complex environment. To localize the users of interest, we utilized the object
detection algorithms based on YOLO to acquire their angles and using the range-

angle obtained from MVDR to estimate their ranges. Then we proposed to use
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Tx-Rx beamforming and introduced an weighted-multi-channel VMD algorithms
that could eliminate the spatial and body motion noises. Moreover, this is the first
work that addresses the three challenges of accurate localization, suppressing dy-
namic environment interference and the users’ body motion at the same time. Our
approach was evaluated on more than ten users and different scenarios. The experi-
mental results show that vital signs sensing strategy exhibitsthe robust and superior

performance compared to other mainstream approaches.

We proposed an integrated higher-level vital signs sensing scheme for recovering
ECG and pulse waveform and BP estimation. We proposed to leverage the cardiac
frequency band and combine with the range and angle spectrum to obtain the accu-
rate localization of heat and wrist. Then we introduced the neural-ODEs embedded
learning method that not only improves the explainability but also increase the accu-
racy. The experimental results reveal the robustness and the flexibility. Our method
was evaluated more than 20 users with diverse ages, and achieved a promising per-
formance. To the best of our knowledge, this is the first work that could sensing

three different higher-level vital signs: ECG, pulse and BP simultaneously.

We proposed a novel mmWave user ID scheme. By using the mmWave ISAR
imaging, more virtual apertures could be generated thereby the spatial resolution
is significantly improved, which contributes to the more fine-grained user body
profile images. Further, we leveraged the arcmargin loss and cosine similarity as
the training loss function and identification metric, addressing the challenges of
intra-class change in long-term user ID. The experimental results on 30 users over
100 days demonstrate the high effectiveness and robustness. This work is also the

first research that using mmWave imaging for user ID.

Future Work

While much progress in both mmWave vital signs sensing and user identification has

been made, there remain a number of directions in our future research, some of which

we’ll discuss below.
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* We have shown that our research are effective to obtain the heartbeat and breath
from the user with body motion in dynamic environment. In the future, we will
focus on more complicated scenarios where the users contain larger-amplitude mo-
tion, making it more robust in practice. Once the accurate target positions are
obtained, advanced learnable algorithms can be further used to achieve vital sign

recognition, by suppressing the impact of large body movement.

* Similarly, the more efficient method will be investigated to obtain the higher-level
vital signs when the user contains the larger body part motion. And it is expected

to expand to multiple user scenarios.

* The integrated sensing research will be conducted. It will focus on combining the
dynamic vital signs sensing, higher-level vital signs sensing and user identification
together, forming an integrated sensing system that could achieve these goals at the

same time.

Future work could explore embedding the proposed model into a distributed sensing
network, potentially leveraging federated learning or edge inference frameworks to enable
collaborative, privacy-aware, and adaptive sensing systems that continuously learn from

user interactions and context dynamics.

By extending this research into the broader field of ubiquitous sensing, the system
could evolve into a foundational element of next-generation intelligent environments, of-
fering seamless integration between human physiological state, identity, and surrounding

infrastructure.
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