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ABSTRACT With the Coronavirus pandemic showing no signs of abating, companies and governments
around the world are spending millions of dollars to develop contactless sensor technologies that minimize
the need for physical interactions between the patient and healthcare providers. As a result, healthcare
research studies are rapidly progressing towards discovering innovative contactless technologies, especially
for infants and elderly people who are suffering from chronic diseases that require continuous, real-time
control, and monitoring. The fusion between sensing technology and wireless communication has emerged
as a strong research candidate choice because wearing sensor devices is not desirable by patients as they
cause anxiety and discomfort. Furthermore, physical contact exacerbates the spread of contagious diseases
which may lead to catastrophic consequences. For this reason, research has gone towards sensor-less
or contactless technology, through sending wireless signals, then analyzing and processing the reflected
signals using special techniques such as frequency modulated continuous wave (FMCW) or channel state
information (CSI). Therefore, it becomes easy to monitor and measure the subject’s vital signs remotely
without physical contact or asking them to wear sensor devices. In this paper, we overview and explore
state-of-the-art research in the field of contactless sensor technology in medicine, where we explain,
summarize, and classify a plethora of contactless sensor technologies and techniques with the highest impact
on contactless healthcare. Moreover, we overview the enabling hardware technologies as well as discuss the
main challenges faced by these systems.

INDEX TERMS Channel state information, Frequency modulated continuous wave, Radio frequency
signals, Contactless, Wireless, Vital signs, Survey, Overview, wireless Technologies, Wireless sensing.

l. INTRODUCTION

ecent statistics have shown that the population aged 65+
Ris projected to increase from 6.9% to 12% and in par-
ticular from 15.5% to 24.3% in Europe [[1]]. This population
range is usually exposed to suffering from chronic diseases
like Parkinson’s disease, diabetes, and cardiovascular disease
(CVD) []Z[] In the USA, for example, 80% of the elderly
population have at least one chronic illness and 50% have
at least two. This list presents the major cause of death
around the world, where 30% of global deaths are caused

by CVD each year(1]]. Furthermore, this age group has the
highest mortality rate in the ongoing Coronavirus (COVID-
19) pandemic. Therefore, continuous monitoring is needed
to continuously observe their vitals. Nevertheless, this care
will certainly increase the cost of healthcare , which is not
available for all patients, especially in many underdeveloped
countries.

Recent research has shown that the solution to this chal-
lenge is to integrate wireless communication and sensing
technology, through the deployment of sensor devices on or
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around the human body to supervise their vital signs, forming
what is called wireless body area networks (WBANs) [3].
However, implanted sensors on the patient’s body make
them uncomfortable and require frequent expert interven-
tion. Moreover, physical contact between the patient and the
healthcare provider may lead to the spread of dangerous
infections such as the Coronavirus [4]].

Thus, a robust alternative preference to the contact body
area network related solutions has recently emerged under
the name wireless sensing, which uses contactless (device-
free or sensor-less) technology for supervising human vital
signs. This choice ensures patient comfort, eliminates phys-
ical contact between the patient and the healthcare provider,
and overcomes other challenges associated with the use of
WBANS such as limited resources, fault tolerance [J3]], secu-
rity [6]], and others.

Several research studies [BIONM10] showed that it is
possible to supervise and measure a user’s vital signs by
sending RF signals, processing, and analyzing the reflection
from the patient. In this paper, we give an overview of the
most recent advances in wireless sensing techniques used in
many healthcare applications. More specifically, a classifi-
cation framework is proposed for categorizing the existing
wireless sensing techniques related to contactless technolo-
gies. Also, a detailed comparison between these techniques
is provided to help facilitate choosing the right technique
for a given case or scenario. Moreover, we overview the
main challenges faced by these systems as well as enabling
technologies.

The remainder of this paper is organized as follows (as can
be observed from Fig[I): Section II presents and explains the
essential functions related to wireless sensing technologies.
Section III overviews the contactless technologies proposed
and used in the literature to supervise human vital signs.
Section IV discusses the hardware technology available in
literature that facilitates contactless sensing research. Section
V talks about the challenges faced by each discussed technol-
ogy. In section VI we discuss lessons learned and research
direction, then we conclude the paper in section VII.

1I. Functionality 1II. Applications
« FMCW < FMCW
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FIGURE 1: The structure of the paper.

A. ABBREVIATIONS AND ACRONYMS

ADC (Analog to Digital Converter)
AHI (Apnea-Hypopnea Index)
CM-OS(Complementary Metal-Oxide—Semiconductor)
CNN (Conventional Neural Network)
CSI (Channel State Information)
CVD (Cardio Vascular Disease)
DSP (Digital Signal Processor)
ECG (Electro-Cardio-Gram)
EM (Electromagnetic)
FFT (Fast Fourier Transform)
FMCW (Frequency Modulated Continuous Wave)
FSHD (facioscapulohumeral muscular dystrophy)
HMM (Hidden Markov Model)
IF signal (Intermediate Frequency signal)
KN (K-Nearest)
MIMO (Multiple-Input Multiple-Output)
NMS (None-Maximum Suppression)
NN (Neural Network)
PCA (Principal Component Analysis)
PD (Parkinson’s Disease)
REM (Rapid Eye Movement)
RF (Radio Frequency)
RSS (Received Signal Strength)
Rx (Reception)
SAF (Sub-carrier Amplitude Frequency)
SDP (Sleep Disordered Breathing)
SNR (Signal-to-Noise Ratio)
SNAP (Sensor Network Asynchronous Processor)
STFT (Short Time Fourier Transform)
SVM (Support Vector Machine)
ToF (Time of Flight)
TST (Total Sleep Time)
Tx (Transmission)
WBANSs (Wireless Body Area Networks)
WCI (Wireless Channel Information)
WIFI (Wireless Fidelity)
WSN (Wireless Sensor Network)

Il. CONTACTLESS SENSORS: FUNCTIONALITY
Contactless sensor monitoring is a new technology that is
used to supervise vital signs (motion, emotion, sleep, heart
rate, respiration rate), without obliging the patient to wear
any sensor device.

In most technologies the contactless sensor system broad-
casts the wireless signal, then analyzes and processes the
reflected signals from the objects. In a typical contactless
sensor setup shown in Fig.2] there are four reflectors (human,
wall, bed, and couch), the system begins by suppressing
reflected signal from permanently-placed objects (wall, bed,
and couch), and focus only on the reflected signal concern-
ing the person under study. Other contactless technologies
have the same setup as shown in Fig. 2| where the sensing
device is installed away from the subject and is designed to
recognise the target from all other objects in the environment.
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FIGURE 2: Typical contactless sensor monitoring environ-
ment

This work classifies patient’s vital signs monitoring utilizing
contactless sensors into the following main categories:

1) Frequency Modulated Continuous Wave (FMCW)
based.

2) Channel state information (CSI) based.

3) Wireless sensor network (WSN) based.

4) Camera-based.

In the following subsection, we will discuss how each of
the mentioned technologies operates. We put more emphasis
on the FMCW technique since according to our research
it is the most commonly used technique and has shown
great potential in its applications in future human vital signs
monitoring. Moreover, many contactless technologies such
as radio frequency (RF) based sensing are based on FMCW
technique.

A. FMCW RADAR
FMCW is used in radar systems for sensing, localizing, and
tracking an object in front of it by measuring the range, veloc-
ity, and angle of arrival of the reflected wave. In healthcare,
this technique sends a special sinusoid signal to a subject
then the system analyzes the reflected signal based on its
frequency and amplitude to extract information about the
observed person [11]][[12]]. Here, we present the principle of
this technique by answering the following four questions:
First: How do you configure the radar to estimate the range
of an object? As shown in Fig. [3| (A), the distance d from
the object to the FMCW-radar must be known by the radar.
The approximation of intermediate frequency wj s is typically
used to find the distance d.

Wif Cm

TR (D
where ¢, is the propagation speed of the electromagnetic
(EM) wave in a given medium and w is the quotient of the
chirp’s slop frequency [/13]].

Second: What if there are multiple objects? Fig. [3] (B)
depicts the scenario where multiple objects are observed by
the FMCW-radar. Therefore, the system must be correctly
configured to recognize this scenario.

Third: What is the minimum distance between two ob-
jects? Fig. [3] (C) shows two objects very close to each
other, the system must be correctly configured to distinguish
between one object and two objects which are very close to
each other.

Fourth: What determines the furthest distance a radar can
see? It is critical that the maximum observable distance by
the radar system is determined [14] as shown by Fig.3](D).

Moreover, we further discuss important features of
FMCW-radar in subsequent subsections.

1) Chirp

It is a signal that exists at the heart of the FMCW-radar.
It is considered a sinusoid wave whose frequency increases
with time [15]], see Fig. El As observed from the figure,
the chirp starts as a sine wave with the frequency of say,
FC and gradually increases its frequency until it reaches the
frequency of say FC+B, where B is the bandwidth of the
chirp, thus the frequency is modulated and this is what is
meant by frequency modulated continuous wave (FMCW).

2) Characteristics of a chirp

The frequency vs. time plot is a convenient way to represent
a chirp, as shown in Fig. 3] since the frequency of the Chirp
increases linearly with time, it takes the form S = At, where
S is the instantaneous frequency of the chirp and A is a
constant. In other words a straight line with a given slope.
From the figure, the following characteristics of a chirp can
be extracted:

1) A start frequency (FC), Bandwidth(B), and duration
(To).
2) The Slope (S) of the chirp defines the rate at which the
chirp ramps up.
In this example, the chirp is sweeping a bandwidth of 4GHz
in 40us, which corresponds to a slope of 100MHz/pss.

3) FMCW radar operation
After explaining what a chirp is, now we move on to explain

how an FMCW-radar works. For this, we consider the simple
FMCW-radar shown in Fig. [6](A) with :

« asingle Tx antenna,
« asingle Rx antenna, and
e a mixer.

A mixer is a three(3) port device with two(2) inputs and
one(1) output, as shown by Fig. [6] (B), where for two input
sinusoid signals x; and x4, there is an output signal 2, its
frequency equals the difference of the two incoming signals’
frequencies, and its amplitude also equals the difference of
the two amplitudes. For example, if 21 and x5 are as shown
below,

x1 = sin(wit + ¢1), 2)

3
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then ., 1S:
o Third: The chirp is reflected off an object and the

Tout = sin((wr —w2)t + (1 — ¢2)). @ reflected chirp is received at the Rx antenna,

o Fourth: The Rx signal and Tx signal are ‘mixed’ and
the resulting signal is called an ‘IF signal’. (See the next
section for more details).

The FMCW-radar operates according to the following

steps:
« First: A synthesizer generates a chirp,
o Second: The chirp is transmitted by the Tx antenna,
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4) IF signal

Fig.[/|shows the TxChirp and RxChirp signals (the transmit-
ted and reflected signals from the object), observe that signal
from Rx is a delayed version of signal from Tx, and that IF
signal is a straight line with a constant f value.
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FIGURE 7: IF signal

5) Fourier Transforms (FT)
Notable properties of the Fourier transform are as follows:
e FT converts a time-domain signal into the frequency
domain.
¢ A sinusoid in the time-domain produces a single peak in
the frequency domain (see Fig. [g).

Fourier
‘ Transform

\ -,

FIGURE 8: Fourier transform

o Within the observation window T below, the orange tone
completes 2 cycles, while the blue tone completes 2.5
cycles. The difference of 0.5 cycles is not sufficient to
resolve the tones in the frequency spectrum, see Fig.[9]

« Doubling the observation window results in a difference
of 1 cycle, the tones are resolved in the frequency
spectrum, see Fig. [T0]

FIGURE 9: Not sufficient observation window

2T

FIGURE 10: Sufficient observation window

o As aresult, we can say that a more extended period of
observation deduces better resolution.

Since the signals used in an FMCW-radar are sinusoidal,
the FT is typically used to estimate parameters such as
range, angle, and velocity. Depending on the number of
parameters that need to be detected, the FT dimensions are
adjusted accordingly [16]]. For instance, to detect range and
velocity a two-dimensional (2D) FT is required while a four-
dimensional (4D) FT is needed to estimate range, velocity,
azimuth, and elevation. Hence, the complexity exponentially
increases as the dimensions of FT increases.

6) Multiple objects in front of the radar

Applying the same principle, multiple objects in front of the
radar yield multiple reflected chirps at the Rx antenna, see
Fig. [[T} A frequency spectrum of the IF signal will reveal
multiple tones, the frequency of each being proportional to
the range of each object from the radar, see Fig.[T2]

7) Range Resolution in a radar
To understand how to recognize two objects which are very
close to each other, we discuss range resolution in a radar.

1) Range Resolution refers to the ability to resolve two
closely spaced objects, see Fig.[I3]and Fig.[T4]

2) The two objects can be resolved by increasing the
length of the IF signal, see Fig.[I5]and Fig. [I6]

3) Note that this also proportionally increases the band-
width. Thus intuitively, the greater the Bandwidth, the
better the resolution.

4) The range resolution (d,..s) depends only on the Band-
width swept by the chirp: d,..;=c/2B (c:speed of light,
B:Bandwidth).
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8) Digitizing the IF signal

The resultant IF signal is passed through a low pass filter to
be digitized by an ADC, then sent to a suitable processor such
as DSP that begins by doing the FT to estimate the range, the
velocity, and angle of arrival of the object, see Fig. [I7}

The bandwidth of interest of the IF signal depends on the
desired maximum distance: f7p_ma:=S2dmaqz/C, Where S is
the slope of the chirp.

An ADC sampling rate of Fs limits the maximum range of

FIGURE 16: IF frequency spectrum(sufficient time observa-
tion)
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FIGURE 17: IF signal digitizing process

the radar to :d,,,q=Fsc/2S.
Now we can give the final scheme of our simple radar as
seen in Fig.[T8] that operates according to the following steps

Chirp

Synthesizer

euuajue x|

1

BUuuajuE XYy

LP
Filter

> ADC > Processor
IF signal

FIGURE 18: Simple FMCW R radar

1) The synthesizer generates chirp,

2) The generated chirp is transmitted. Rx receives delayed
versions of this chirp,

3) The IF signal consists of multiple tones, the frequency
(f) of each tone being proportional to the distance (d)
of the corresponding object,

4) The IF signal is digitized. The ADC must support an
IF bandwidth of (S2d,,,4./c),

5) An FFT is performed on the ADC data. The location of
peaks in the frequency spectrum directly corresponds
to the range of objects.

B. CSI-BASED
Apart from FMCW radar, CSI-based sensing has attracted
tremendous attention in detection and interpretation of hu-
man activities in healthcare applications such as assisted
living and remote monitoring. For instance, due to its per-
vasive and unobtrusive nature in indoor environments, WiFi-
based technologies have evolved to a promising residential
contactless monitoring technique.

In this contactless technique, advanced signal processing
algorithms are used to precisely extract the CSI of the WiFi
signal which includes phase shifts, frequency variations and

signal levels [I7][18]|. Fig[I9| depicts the general structure
of CSI-based sensing, where the first step is to capture the
signal, then processing the captured signal to extract CSI, and
the last step is using machine learning techniques to extract
the human behaviour.

Signal processing for
extracting Feature extraction

Channel parameters

csl
parameter:

ToF

AoA - -
RSS Time sequential
Phase shift enhancement

Doppler shift

Classification

Raw
samples

WiFi AP

FIGURE 19: The general structure of CSI-based human
behaviour sensing

C. WSN-BASED

In healthcare, WSNs are a set of sensors nodes randomly po-
sitioned and co-operate with each other to monitor, process,
and send collected patients’ data and their environment to the
relevant person [[19]]. The sensors employ routing protocol for
low power and loss network (RPL) for routing packets in a
WSN [20].

Emergency services and daily monitoring services in a
hospital can be very difficult to manage. Hence, systems
which can automate patient monitoring have the ability to
enhance patient care. Existing systems include CodeBlue
[21]], which is a wireless sensor network system which can
be deployed at the hospital or at home. The device integrates
various medical sensors such as EKG Electrocardiograph,
pulse oximeter and EMG.

Moreover, MEDISN [22] is another system that aims to
automate physiological monitoring in different settings. The
system comprises of several physiological sensors monitor-
ing the patient and have a temporary memory where infor-
mation is stored and scripted before transmission. Also, a
wireless patient monitoring system developed by Washington
University is closely related to MEDiSN [23]. Fig[20|depicts
WSN nodes deployed in a hospital and home setting.

D. CAMERA-BASED
This system uses cameras to capture the images of subjects
(for example their faces) and uses intelligent algorithms to
decipher information (for example, pain, confusion, fear,
etc). In other cases, thermal camera are used, which have the
ability to register the temperature of a subject. In medicine,
these special cameras are deployed in quarantine facilities to
continuously monitor people and help recognise people with
infectious diseases by monitoring their temperature [24]][25]].
Moreover, in advanced camera-based vital signs moni-
toring RGB-thermal image sensors are used to monitor not

7
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FIGURE 20: Sensor nodes collecting information about patients in hospital and home setting.

only body temperature, but also heart rate and respiration
rate. The RGB camera is able to measure blood volume
pulse (BVP) through the variations of light absorption on the
human face [24]. Fig[2T] shows a thermal image of a subject
being observed.

— Facial color change 3
by blood flow

b 4

Heartheat signal

Inhalation Cxhalation

-

ENR EER
el Bl S~

Respiration siznal

FIGURE 21: An example of a thermal image

lll. CONTACTLESS SENSORS: APPLICATIONS

In this section, we will discuss the applications of contactless
sensors in human’s vital signs monitoring. We will study
the latest implementation of this emerging technology using
FMCW, CSI, WSN, RF, and camera based.

A. FMCW-BASED

All the approaches presented in this subsection use the
FMCW technique to process and analyze the signals that
are reflected off the objects, introductory details about this
technique was presented in the preliminaries section.

1) Authors in [I1] developed a human vital sign mon-
itoring system based on 77 Ghz mm-wave FMCW
radar. The system, shown in Fig. 2] also utilizes
compressive sensing based on orthogonal matching

pursuit (CS-OMP) algorithm and rigrsure adaptive soft
threshold noise reduction based on discrete wavelet
transform (RA-DWT) algorithm to separate and recon-
struct breathing and heartbeat signals. According to the
authors, results indicate that the proposed algorithms
are able to filter out noise and improve accuracy, where
the accuray of respiratory rate and heartbeat rate was

about 93%.
- e e o —— —— —— — — —— —— — — —— —
I | IF signal |—>| A/D |—>|Range FFT
—_—— e e — e ——— ——

[ DACM Phase DC offset |
L Unwrapping correction |
T T T T 7 7 Setp2Phase Extration

Bandy CS-OMP
filtering | reconstruction r— — = =1
Respiration and I
heartbeat rate
Rigrsure de- “ I_____l
noised I Setp4.Estimation of respiration

—_——— —— — — — — — and heartbeat rates

Setp3.Signal Separation
and Reconstruction

FIGURE 22: Human breathing monitoring using 77 GhHz
mm-wave FMCW radar [[T1].

2) Authors in [26]], developed a short range-Doppler radar
(1m) that may be used in many applications, like driv-
ing, health (through the monitoring of the heart rate),
and security screening. They designed it according to
the following scheme, see Fig. [23] It has two helical
antennas, each with a 40-degree beam-width, the upper
antenna is used to illuminate the heart, and the lower
antenna is used for motion compensation, this system
uses the ISM band at 2.4GHz and 2.5 GHz.
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FIGURE 23: Dual antenna Doppler radar design to supervise

vital signs [26].

3)

4)

The front view and the circuit of the proposed radar are
shown by Fig.[24] where the antennas are constructed
by winding copper tape on a low-loss acrylic tube.

A CMOS Doppler radar sensor was developed in [27],
to estimate motion from heart rate and respiration
rate, up to range Ilm and 1.5m respectively, authors
integrated this Doppler radar transceiver in printed
circuits on a simple CMOS chip which has dimensions
Scm x 10cm, where patch antennas ASP PT 2988
are used for both transmission and reception, with a
60° by 80° beam-width and 8-dB gain. The authors
made two contributions, in the first, they gave the
theoretical derivation as a prediction tool, and second,
they achieved an experimentation validation by using
PC with Matlab, as digital signal processing(DSP) for
SNR.

Insomnia monitoring at home is essential for both
diagnosis and treatment, authors in [28] proposed the
EZ-Sleep system for this purpose. Moreover, the mon-
itoring is done without any contact on the human
body. Authors begin by giving the general parameters
relating to insomnia and sleep, as shown in Fig.
In the figure, SL is the sleep latency, which means the
time from coming to bed to the beginning of sleep,
TST is the total time of sleep, TIB is the total time
spent in the bed, and WASO (wake after sleep onset),
is the total time of weakness after sleep. The EZ-
Sleep standalone is shown in Fig. 26 It consist of
four processes that cooperate in gathering the subject’s
details to realize the application: First, capturing the
user’s location in the home using Frequency Modu-
lated Carrier Waves (FMCW), and an array antenna to
separate other reflected RF signal and focus only in
the location, this permit to monitor the location and
breathing for future use. Second, inferring bed area,
it defines where the user stays stationary (chair, bed,
desk, couch) then classify it as bed or no-bed, by using

FIGURE 24: Antenna and circuit of the Doppler radar

Sleep Onset WASO

Enter \ Leave

TIB

FIGURE 25: Sleep parameters .
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FIGURE 26: EZ-Sleep setup in one of subjects’ bedroom

machine learning and image processing tools. Third,
detecting bed entry and exit by using Hidden Markov
Model (HMM). Fourth, a neural network model is used
to classify sleep versus awake.

5) Authors in proposed a system to monitor and
supervise breathing and heart rate signs through wire-
less signal and without any body contact. They also
studied and presented the major challenge that must
be addressed for complete efficiency in this system,
that is, the inhale and the exhale effect on the reflected
signal time as shown in Fig.[27] The proposed system is

r/ -‘\"\.
\ .
:- Lei ~ \
4 i/
Tx/Rx ._,./ / k M, Tx/Rx

II-‘: \\.\. d ™ / LN inhale
\ hal Y .' ﬁ] "'-l @ Y

FIGURE 27: Inhale and exhale motion

called Vital-Radio, and it operates according to the fol-
lowing three steps: First, vital-radio transmits a wire-
less signal, then separates the reflected signals from
different objects into buckets according to their TOF’s,
as shown in Fig. 28 using FMCW technique. After the
separation of the reflected signals into buckets, Vital-
Radio eliminates the signal of the static objects like
furniture and walls. Second, Vital-Radio analyzes each
bucket to identify those giving breathing and heart
rate. Moreover in the third step, vital-Radio extracts
breathing and heart rate by applying signal processing
through FT. Vital-Radio differs from previous systems
due to its ability to monitor several peoples simultane-
ously.

6) Authors in [30], began by presenting the importance of
the study of behaviour in the home, for either academic
goals like social research or to be used by health-care
givers. They then proposed a wireless system called

Buclke‘ll Buslrﬂ 2 Buslke{ 3 Bul:lketd

Transmission

Vital-Radio

FIGURE 28: Separating reflectors into different buckets.

Marko, with the ability to collect information about
the user’s behaviour at home, without asking them to
write diaries, answer questions or wear sensors. As
an example of the user behaviour at home, consider
when a person reaches out to the fridge, indicating
the desire to eat. The proposed Marko system can be
used to treat multiple users in the same home. For
example, for a couple who live together Marko can
answer the following questions: Does the couple sleep
in the same room/bed? Who wakes up First? Who
prepares dinner? Does the couple eat together? The
proposed system accomplishes its task through the fol-
lowing steps: Marko system transmits an RF signal and
processes its reflections to extract two types of data, RF
frames and short user expected direction of motion. It
uses FMCW technique as a tool for the first goal, then
uses a simple technique to compute user locations. It
then connects locations of the consecutive frames to
construct short trajectories called tracklets. After this
step, Marko system starts to eliminate extraneous data
concerning the static objects, then uses a conventional
neural network classifier to identify users by using RF
frames and tracklets holding to the same time interval
as shown in Fig.[29]

7) A passive fall detection system (Aryokee) is proposed
in [31]. It is a multi-antennas wireless system com-
posed of three essential components as observed in Fig.
In the figure, fall detector, stand-up detector, and
state machine take as input a short time window of RF
signal transmitted by the FCMW technique. The first
two component operate in parallel, each one has two
cascading CNN’s and a none-maximum suppression
(NMS). The state machine takes as input the results of
the two previous components to infer the exact fall time
and fall duration.

8) Authors in [32]] combined convolutional and recurrent
neural networks to detect sleep stages using RF re-
flection. This prediction model consists of three com-
ponents: feature encoder, sleep-stage predictor, and
source discriminator. As shown in Fig. 31} the pre-
dictor cooperates with the encoder to predict one of
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FIGURE 29: The identification CNN

the predicted sleep stage.

9) Authors in [@]] developed WiGait, which is a home
sensor shown in Fig. [32] used to monitor gait velocity
and stride length according to the following steps:
First, the device takes a set of locations provided by
the wireless localization system, then identifies periods
when the person is stationary or moving in the place to

Fall | | — remove them. Second the system processes the remain-
Fall der to focus only on the walking periods. Third WiGait
durezion estimates the gait velocity and stride length using stable

phase based on time series.

Fall detector

RF signal State

Machine

Stand up detector

System output

FIGURE 30: Fall monitoring system .

the following states (Awake, Light sleep, Deep Sleep,
and REM (Rapid Eye Movement)), and prevent the
discriminator from decoding the source label.

p(./%)
E(x) (%)
/ FIGURE 32: WiGait sensor system

10) Author in utilized FMCW-based radar system to
monitor the respiratory rate and the heartbeat of a
atient in a challenging indoor environment in order

Qely) Qls) Qely) Qols) ?o simulate ambientgass%sted living (AAL) conditions.
The authors considered four different scenarios where
FIGURE 31: Ideal and extended game model . the patient’s chest, left, right, and back side were
facing the antennas. Moreover, the authors compare

In the figure, x is a 30-second RF spectrogram and y is the performance of the proposed system with a pho-
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1)

12)

13)

14)

15)

12

toplethysmograph and a respiratory belt for all the four
cases and conclude that the proposed system measures
both respiratory rate and the heartbeat with great pre-
cision. The designed system is a SISO FMCW-based
radar working with 5.8GHz industrial, scientific, and
medical (ISM) band shown in Fig.

Authors in [35] developed a wireless healthcare life
and vital sign detection system using FMCW radar.
Unlike conventional systems, the authors claim that the
proposed system is able to detect motionless patients
by analysing inherent characteristics of human respira-
tion motion such as spatial correlation and periodicity.
Moreover, multiple algorithms are employed to remove
the effects of the environment and distance. Results
indicate that the proposed system is able to accurately
detect motionless patients. Fig.[34]shows the flow chart
of life detection.

Authors in [36] use Emerald, which is a contact free
wireless sensor utilizing machine learning for deep
analysis of movement disorders. The authors use the
device to measure the progression of facioscapulo-
humeral muscular dystrophy (FSHD). According to
the authors FSHD affects around 16,000-38,000 USA
citizen, moreover, its effects slowly progress over the
years making it extremely difficult to track using hospi-
tal facilities. Twelve FSHD patients were continuously
observed for three months using two of this device
for each patient (One in the living room and one
in the bedroom). The devices collected about 40,000
movement data which were processed to extract gait
and time to exit the bed. The condition of the patient
was raked from mild to severe and allocated a clinical
severity score (CSS) from one to four. According to
the authors, results indicate that there is a relationship
between time to exit bed and CSS.

Authors in [37]] also used Emerald to monitor postop-
erative recovery process for patients recovering from
endometriosis surgery. The study was conducted on
three women where the device was placed on each
of their homes to study the patients movement and
sleep for five weeks before surgery and five weeks after
surgery. The patient was also required to conduct a
daily pain assessment survey where they rate the level
of pain they are experiencing. According to authors,
results indicate that the longer it took the patient to fall
asleep the higher the pain rating was the next day.
Authors in [38] used infrared images to monitor the
head position of patients suffering from obstructive
sleep apnea (OSA). The authors use three machine
learning algorithm to process the images. Data from
fifty patients with different levels of OSA severity was
collected. According to the authors, the best perform-
ing algorithm Darknetl9, correctly identified lateral
and supine head position with an accuracy of 92% and
94% respectively.

Moreover, authors in [39] deployed the Emerald device

16)

17)

18)

19)

which uses radio waves to detect the agitation and
pacing pattern of patients suffering from Alzheimer’s
disease (AD). The authors claim that the device is
able to detect changes in movement patterns that are
able to reveal underlying behavioral symptoms and
environmental triggers. The device was installed for
seventy days in the house of a single patient suffering
from AD. According to the authors results indicate that
there is a relationship between pacing of the patient and
environmental triggers.

Authors in [40] exploited the RF signal to view the
human skeleton without wearing any smart device. The
essential elements in this process are RF signal sent by
a radio device, the antenna array is used to define the
angle direction of the arriving signal. FMCW is used to
measure RF reflections and static reflection elimination
and focus only on the reflection of the human body.
These elements are integrated into the developed RF-
capture device. The big challenge facing the proposed
system is: there is a lot of RF signal reflected away
from the device, and only a subset reflected towards
it as seen in Fig. Authors tried to address this
challenge by exploited body motion to trace the body
of the person.

Authors in [41]] proposed BodyCompass (see Fig. [36)),
an RF-based sleep poster monitoring device to help
patients avoid bedsores after surgery, reduce apnea
event, monitor the progression of Parkinson’s disease,
and even alert epilepsy patients to a potential life-
threatening sleeping position. The device works by
analyzing RF signals that bounce off the patient using
machine learning algorithms. According to the authors,
the device was used to evaluate data from twenty-
six patients over a period of two hundred nights. The
observed accuracy of the system was over 80%.
Authors in [42] proposed the use of an RF-based home
monitoring device to servile patients with Parkinson’s
decease (PD) focusing on gait, home activity, and time
in bed. The study was conducted on seven patients
over a period of eight weeks where the RF-based
device was installed in their rooms. According to the
authors, promising results were obtained to help better
understand PD, moreover, the device can be used to
treat other chronic diseases.

Authors in [43] claimed that RF signals may be used
for inferring emotions (happy, sad, confused, etc.), then
they demonstrated that the reflected RF’s have informa-
tion that can be used to extract breathing and average
heart rate without any contact, they also presented the
challenges facing this technique. First, the reflected
RF signal is modulated by breathing and heartbeats.
Second, the heartbeat in the RF signal lacks the sharp
pick that characterizes the ECG signal. As a result, the
boundaries of identification become hard, to address
these challenges, the authors designed and developed
the EQ-Radio system, which consists of three compo-
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FIGURE 34: Flow chart of life detection

FIGURE 35: Reflections off human body
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FIGURE 36: Signal reflections in a patient’s room

FIGURE 37: EQ-Radio Architecture .

a low power signal, then estimates its reflection time
using the FMCW technique previously described, this
is used to differentiate between reflected signal off
different objects. Each one in a specific bucket, EQ-
Radio achieves a pre-processing to mitigate noise and
to improve the signal-to-interference-and-noise ratio
(SINR). Second, the heartbeat extraction algorithm
takes the reflected signal after the pre-processing phase
previously achieved as input and returns a series of
segments as output. This output is used by the third
component which is the emotion classification, to de-
termine an emotion according to the received phys-
iological signals using an SVM classifier. Through
experimentation, authors showed that EQ-Radio per-
forms better compared to ECG-based and image-based
systems.

20) Authors in proposed Witrack system, for tracking
users in two scenarios, these are line of sight and non-
line of sight (through a wall). The system is composed
of four antennas in T form. One for transmission and
three for reception as can it be observed from Fig.
[38] The device transmits an RF signal then computes
and estimates the TOF using FMCW technique, it then
focuses on the human’s body reflections by suppressing
those of the static objects after de-noising. Witrack

13




RS Open Journal on Innovative Communication Technologies (CJ )

Mohamed et al.: Preparation of Papers for RS JOURNALS

FIGURE 38: Antenna *T” and FMCW signal generator

estimates the traveled distance from the transmission
antenna to the human and back to the reception an-
tenna, in other words, three estimated distances are
used to identify the user’s location. In the end, Witrack
uses elevation through the Z-axis to detect fall with the
following two conditions. First, the elevation change
must be significantly observed. Second, the final value
of this elevation must be near to the ground level.

21) Authors in [45] proposed a wireless system called
WiTrack2.0, as an improvement to WiTrack [@], it
has 5 antennas for transmission and 5 antennas for
reception as shown in Fig. 39} Unlike Witrack, it can
localize multiple users in a multi-path indoor environ-
ment by transmitting an RF signal and then processing
its reflection. It has two essential components, the first
component is the FMCW to deal with the multi-path
effect, and the second component is the successive
silhouette cancellation algorithm to overcome the near-
far problem.

1) Authors in proposed a WiFi CSI-based human
activity detection for assisted-living patients. The sys-
tem works by analysing the Doppler shifts in the WiFi
CSI caused by human activity. Three case studies are
performed in the experiment, through-wall detection
of vital signs, daily activity recognition in residential
home, and activity monitoring in a residential environ-
ment, sequentially inference as case 1, case 2, and case
3 respectively. Fig. shows an example of 24-hour
monitoring in a house environment using the proposed
system.

02 | ‘
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FIGURE 39: WiTrack2.0 antenna system

B. CSI-BASED

Channel state information (CSI) contains a plethora of hid-
den information about the propagation environment, hence,
it can play an important role in gathering and extracting
unknown information that extends the human sense about the
environment. In this section, we present several approaches
and contributions of CSI-based technique in the contactless
technology used to supervise user’s vital signs.

14

FIGURE 40: 24 hour monitoring using WiFi CSI

2) Authors in [46] proposed a non-invasive method for
monitoring the respiration rate using received signal
strength measurements (RSS). The goal of the pro-
posed work is to address two critical problems en-
countered when observing breathing using a single
transmitter-receiver pair. The first problem is the dif-
ficulty in observing the breathing signal using RSS
because inhaling and exhaling causes finite change
in propagation channel. The authors addressed this
problem by increasing the signal-to-noise ratio (SNR).
The second problem addressed is the distinction of
other movements of the person from breathing motion,
these movements dominate most of the observed RSS
response. To counter this problem, authors suggest to
identify time instances of the movements as monitoring
continues, then the device is disabled at these instances
in the long run. The following scheme presents the dif-
ferent components of the breathing monitoring system
as observed in Fig. @ First, the noised RSS measure-
ment is pre-filtered to increase the SNR then down-
sampling is performed. Second, the mean removal is
applied to the sampled signal, then passed through
a motion interference detector and finally through a
breathing estimator.

3) Motion detection become an essential component in
most modern systems, therefore, authors in pro-
posed WiDetect system. Unlike most existing motion
detectors which require particular installation, calibra-
tion, and have limited coverage, WiDetect is a highly
accurate, calibration-free, and low-complexity wireless
motion detector. The proposed system exploits the
statistical properties of electromagnetic (EM) waves to
find a relationship between the autocorrelation function
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FIGURE 41: Breathing monitoring system components [46].

of the physical layer CSI and movement in the sur-
rounding environment. Authors consider buildings and
rooms with scatters that diffuse EM as reverberation
cavities. This is because the building or room contain
internal multipath signals between a transmitter (Tx)
and a receiver (Rx) as shown in Fig. 2}
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FIGURE 42: Propagation of radio signals in scattering envi-
ronment [47]].

4) Authors in [48]] used reflected Wi-Fi signals to recog-

nize humans through their gait patterns in an indoor
environment utilizing the architecture depicted in Fig.
431

They used two transmitter antennas (such as a Wi-Fi
router) and a receiver antenna (such as a laptop). The
proposed system operates according to the following
steps:

The system starts by collecting the CSI measurements,
then extracts the principal component from CSI mea-
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> WIFI Router >
\g@é\ A Walking route(5.5m)
(< o’
<~ ;
g -
- Table Receiver ©
~~~~~ Laptop
e, e
S’é’ha/r A
eflect/.0 N
(7‘) e table)
5‘\?}\%
7.7m

FIGURE 43: Application scenario and data collection envi-
ronment [48]].

5)

surements using the Principal Component Analysis
(PCA) technique. Next, it transforms the resulting PCA
into a spectrum using short time fourier transform
(STFT), then enhances this spectrum by applying fre-
quency domain denoising algorithms to reduce the
noise. After that, a machine learning technique (SVM
classifier) is applied to classify the extracted feature
into two classes (the person understudy and others).
Authors in [49] designed WIFID system, which is a
device-free system used to identify humans indoors.
The system exploits the ability of PHY layer CSI to
obtain the frequency assortment of a widband channel.
The layout of the experiment is shown in Fig. 4] A
pair of Wi-Fi transmitter and receiver is deployed. The
transmitter has a single antenna while the receiver has
three antennas. Moreover, the transmitter continuously
broadcast a signal every 3 milliseconds. After receiving
this signals the system runs the following three mod-
ules:

First, WIFID analyzes CSI to focus on the user segment
and to extract a novel feature of sub-carrier amplitude
frequency (SAF). Second, WIFID applies PCA on the
resulting SAF, and third, WIFID uses an SVM classi-
fier for classification.
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FIGURE 44: WFID architecture [49].

A non-contact system to detect paraparesis is proposed
by authors in [50]. The proposed system has SIMO
architecture and operates on a pipeline mode according
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to the following steps as observed in Fig. [#3] First, the
system collects data through wireless sensing. Second,
the collected data is passed to the pre-processing stage
where the system uses a Humpl filter to detect outliers
values, then applies Wavelets for de-noising signal and
finally uses data calibration to increase sample data.
Third, a CNN classifier is applied to classify data and
detect paraparesis.

/

Data preprocessing
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Wavelet
decomposition
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| —
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FIGURE 45: Workflow of the 1D-CNN system .

7) Authors in used CSI from WiFi 802.11n in a home

environment as shown in Fig. [46] to detect human
activity such as sitting, standing, walking, and running.
Moreover, the human activity recognition system is
able to detect the number of people in a room as well
as recognising human fall, which is very instrumental
in the case of assisted living conditions. The proposed
system is developed using two algorithms: support
vector machine (SVM) used for classification and long
short-term memory (LSTM) recurrent neural network.

Receiver

A

3.51m

©)

FIGURE 46: Human activity recognition room setup

8) Author in [52] proposed a reconfigurable intelligent

surface (RSI) based radio frequency system for human
poster recognition. As shown in Fig. the system
comprises of a single transmitter, a receiver and an
RIS. The RSI can reflect and modify the incident signal

9)

10)

1)

12)

from the transmitter. During sensing, the transmitter
continuously generate a single-tone signal of a given
frequency which is reflected by the RIS and the human
body before reception by the receiver. According to
the authors, the proposed system is able to customize
the environment to provide the needed propagation
properties and a plethora of transmission channels.
Authors in proposed a monitoring system to su-
pervise events in an indoor environment. The pro-
posed work exploits the information embedded in the
channel(CSI) and uses commercial WIFI devices for
real time monitoring. The system is made up of a
feature extracting algorithm utilized during training to
recognize the most distinctive sequence of CSI. The
system also uses principle component analysis (PCA)
to reduce noise and to remove correlation between sub-
carriers and links. Authors also note some challenges
associated with real-time monitoring. The challenges
include unknown start and end time of an event, change
in occurrence instances, and precise detection with
low latency. Authors propose a modified k-nearest-
neighbor (kKNN) classifier to address the mentioned
constraints. Another problem facing real-time monitor-
ing is durable robustness due to the eventual and un-
predictable environmental change. Authors integrated
in their model an unsupervised retraining algorithm
that guarantees high accuracy during an environmental
change. The proposed system is depicted in Fig. 48]
Authors in proposed MultiSense human respi-
ration sensing device. According to the authors, the
WiFi-based device accurately measures similar breath-
ing pattern of multiple people in a room even when
they are very close to each other. The device utilizes
multiple antennas to receive a blended reflected signal
from monitored individuals. Authors claim that the de-
vice is able to accurately measure respiration even in a
room of four people with the mean absolute respiration
rate error of 0.73 bpm (breaths per minute).

Authors in developed a continues real-time heart-
beat monitoring device utilizing 24 GHz continuous-
wave Doppler radar as well as artificial neural networks
(ANNs). The device was designed to have very low
latency of less than one second. Moreover, the device
was tested on twelve volunteers and the results were
evaluated against results from an electrocardiogram
(ECG). Authors claim that results indicate that the de-
vice is viable to detect accurate heartbeat from patients.
Fig[49]shows the proposed model.

Authors in proposed WiSee, a whole-home ges-
ture recognition system that requires neither sensors
on humans nor a camera system. The system can rec-
ognize gestures behind obstacles because it uses Wifi-
signal that propagate not only by line-of-sight but also
through the wall. WiSee achieves the recognition task
by following the steps below:

First, the system extracts Doppler shifts that appear
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FIGURE 47: Reconfigurable intelligent surface (RSI) based radio frequency system model for human posture recognition.

CSI Training Time Series
(various length)
csl Transition Compact
preprocessing Extractor Representation
CSI Testing Time Series
(fixed window length)

Event | Series

sl Dynamics v Compact
preprocessing Detector Representation
N
i - 3
: I Normal I or I Event Label (Event, Unknown, Normal) I :
’

new training feature

Auto-Updating

FIGURE 48: Indoor event monitoring system diagram.

a{ R peaks HBinarization}—’ Decimation  [122¢1ling
detection
ECG

(“ground truth”)

Input Hidden Output
layer layer layer
= =\ "

Decimation

MA
Filter
Peak

detector

detected
heartbeats

FF201 ANN

FIGURE 49: Proposed heartbeat detector flowchart.

in the wireless signal, caused by the movement of
the object. Second, WiSee maps this Doppler shifts
to the gestures. WiSee can classify the nine whole-
body gestures shown in Fig. Moreover, WiSee
system also takes into consideration multiple humans
scenarios using MIMO.

i) Cirehe () Funch X2

i} Rowiling

FIGURE 50: WiGait sensor system

C. WSN-BASED

A wireless sensor network (WSN) is a set of interconnected
sensors deployed in a given area to supervise a particular phe-
nomena. The sensors mostly use multi-hop communication
technique to send their data. In this section, we present three
main approaches of the contactless vital-signs supervising
based on a set of WSN devices.

1) Authors in showed that 4% of the male and 2% of
the female adult population is affected by sleep apnoea.
Therefore, the authors developed the SleepMinder,
which is a novel contactless technology to supervise
sleep and breathing at home. The sensor operates in a
license-free band of 5.8 GHz, and its emitting average
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power is less than ImV and it is able to measure move-
ment and breathing across the distance of between 0.3
and 1.5m. Also, it can process the case of two peoples
in the bed, by combing sophisticated sensor design and
signal processing to focus only on the respiration of
the nearest person. The study aims to validate Sleep
Minder as a sensor contactless technology with the
ability to accurately estimate the Apnoea-Hypopnoea
index (AHI). The model of the proposed Sleep Minder
system is shown in Fig. 5T}

the experiment was done in collaboration with Henri
Mondor University Hospital Center in France. Fig. [53]
depicts the setup of the experiment where the appli-
cation used in the proposed system simply collects
temperature and luminosity values captured by sensor.
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FIGURE 51: An example set up of SleepMinder in the home
environment [57]]

In the proposed model, algorithms used in [58] is
integrated and used to analyse recordings of 129 sub-
jects with suspected sleep-disordered breathing (SDB).
Numerous observations were made such as sleep state
and motion flags which were used in further analysis.
Moreover, a new algorithm was used to detect SDB
using phase demodulation and amplitude as well as
correlation-based signal processing methods. The AHI
is estimated by dividing the total number of the de-
tected events over the Total Sleep Time (TST) as seen

in Fig.

Sleep Minder

T~

Movement Detector Apnoea Detector

Sleep/weak analysis

AHI

FIGURE 52: Signal processing steps [|57].

2) Authors in [59] developed a WSN-based network to
monitor patients’ psychological parameters and track
patients inside a hospital. According to the authors,

Legend: — Wall — Glass O Sensor

FIGURE 53: Sensor deployment in the hospital [|59]

3) Authors in [60] deployed a set of sensor devices as
shown by the testbed network in Fig.[54] these wireless
devices (black points) collaborate with each other to
localize a breathing person and estimate his breathing
rate in-home using RSS. The authors demonstrated two
situations. First, the case when the person is stationary
(sitting, lying down, standing, or sleeping.), in this
case, a prior calibration is needed. The Second situa-
tion is when a person is in motion (moving), in this
case, we do not need calibration. They presented two
methods to estimate the breathing rate. The primary
method takes the maximum frequency at the sum, it is
based on the power spectral density (PSD) calculated
over links. Moreover, authors mentioned the challenge
facing the RSS-based breathing rate estimation. Inter-
ference due to links sharing with other objects in the
environment is one of them. To address this problem,
authors use time index to identify at which time the
sudden RSS change occurs. This technique is called
a break point. As the second method for the localiza-
tion, authors exploit the previous two techniques and
the amplitude of the signal component at each link
to construct the map and identify the chest position.
For experimentation, they deployed TI CC2531 dongle
nodes.

D. CAMERA-BASED

Observing the human face and body without any contact and
measuring physiological signs using a camera is a technology
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FIGURE 54: Sensor devices test-bed network [60].

that has gained research momentum in the last decade. With-
out the need of contact, remote cameras can be used to mea-
sure vital signs such as heart rate irregularity, breathing rate,
blood oxygenation saturation, pulse transit time and body
fever. According to [61] the most popular type of external
sensors are cameras. In this section, some applications of
camera-based sensing are highlighted.

1) A contactless vital signs measurement paradigm using
RGB-Thermal image sensors is proposed in [24]]. The
RGB camera sensors measures blood volume pulse
(BVP) using light absorption deviations on the human
face. Moreover, infrared thermography (IRT) was used
to measure changes in temperature near the nose or
mouth during breathing. The authors conclude that the
results obtained by the proposed contactless system
for measurements such as heart rate, respiration and
temperature are highly similar to the results obtained
using contact systems such as a respiration belt and a
thermometer. Fig. [55] shows the proposed contactless
system.

2) Authors in [63] developed a screening system utilis-
ing thermography and other wireless sensors to ob-
serve multiple vital signs from a subject. Moreover,
the authors employ machine learning and apply six
different classification algorithms and compare their

performance. According to authors, after performing a
test where 92 people were screened using the proposed
method, results indicate that there is 50% more accu-
racy increment compared to using thermography alone.
Fig[56] shows the proposed system model. Other previ-
ous works using infrared cameras include mass blind
fever inspection [64][65][66], infrared thermometers
[67], and RGB-thermal screening with facial tracking
[68]I.

3) Authors in [69] proposed a see-through-wall imaging
radar system that is used by law enforcement agencies
to observe objects behind a wall. The system is an
Ultra-wideband high-resolution short pulse imaging
radar paradigm operating at 10GHz. According to the
authors, the model investigates two design properties,
first is the the electromagnetic wave propagation prop-
erty through wall, and second is the pulse fidelity.

4) Authors in [70, |71] discussed the principal behind
non-contact measuring of respiration and heartbeat
using infrared/RGB facial-image. Moreover, potential
applications such as the detection and observation of
a person with infectious diseases were also discussed.
According to the authors, an RGB camera was used to
observe the heartbeat of the patient from the face due to
the degree of skin exposure and ease of detection. The
camera measures the reflected light from the arteries to
get the heartbeat signal. Moreover, an infrared camera
was used to measure respiration activity by observing
the nasal-region of the subject. An infrared camera is
used because during inhalation the cool air from the
environment lowers the temperature around the nasal
cavity and during exhalation the hot air from the lungs
raises the temperature around the nasal cavity. Fig.
shows the principal utilized to measure respiratory and
heart rate using infrared and RGB imaging as well as
an infectious decease screening system.

5) The current omnipresent property of smart phones with
optical sensors have provided an opportunity for low-
cost vital signs remote monitoring. Authors in [[72]
proposed a novel system for monitoring heart rate, per-
fusion index and oxygen saturation of a person using a
camera system from a smart phone. According to the
authors, they employed principal component analysis
(PCA) technique and the results obtained demonstrated
that the proposed system performs better than con-
ventional systems. Fig. [58| shows the proposed system
model, where, HR, PI, and SpO2 represents heart rate,
perfusion Index, and saturation of peripheral oxygen
respectively .

IV. NEW HARDWARE TECH FOR WIRELESS SENSING

In this section, we will discuss new advancements in hard-
ware platforms that facilitate research on wireless sensing.
Numerous hardware platforms that facilitate research on
wireless sensing have emerged due to its resent popularity
among researchers and the high potential of contactless sens-
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(63

ing technology to be applied in many different areas
[74].

According to [75], Wi-Fi sensing technology progress
has been impeded by three main obstacles. The first is the
unknown baseband design and its influence on CSI. The
second is the lack of access to low-level control hardware
and the third is the lack of a flexible and versatile software for
hardware control. The authors address each of this problem
in their work and propose PicoScenes, which is a Wi-Fi
sensing technology that authors claim can greatly facilitate
the research on Wi-Fi sensing by giving direct access to
features of QCA9300 and IWL5300.

Authors in [76] concur that health monitoring using
wireless sensors is a popular topic but with open prob-
lems, hence, numerous solutions entailing wearable, wire-
less, open-source, and noninvasive techniques have been
proposed. Moreover, authors claim that most of the available
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platforms for developing the wireless sensing technology
are limited and lack flexibility. Therefore, authors propose
a new open hardware architecture used to design sensor
nodes utilized in healthcare. In addition, authors develop a
simulation tool which facilitates the connections with the
hardware and simplifies complex systems.

Authors in and acknowledge the high demand
for wireless sensor networks in areas such as medicine,
military, and structural and environmental monitoring. How-
ever, according to the authors, most of the existing plat-
forms for developing these sensor networks are not power
efficient. Therefore, authors review some of the most re-
cent and ultra low power processors available in literature.
Examples of the hardware systems discussed include gen-
eral purpose commodity-based systems, smart dust—early
event driven, sub-threshold systems, asynchronous—SNAP,
charm—network stack acceleration, and Harvard event-
driven architecture.

Other hardware platforms that facilitate wireless sensing
research include: Mica2 [[79], Mica2 Dot [79], MicaZ [79],
IRIS [79],, Cricket v1 and v2 [80], Eyes [81]l, EyesIFX v1 and
v2 [82], BTnode [83], Telos B [84], Tmote Sky [85]l, V-Link
[86], and NT WSN-3202 [87],

V. CHALLENGES
In this section, we analyse the challenges faced by the above
mentioned contactless sensing technologies.

A. CHALLENGES FACING FMCW-BASED SENSING

FMCW-based sensing technique discussed in details in the
previous sections, is a method where a continues frequency
modulated wave and its reflections’ characteristics are stud-




Mohamed et al.: Preparation of Papers for RS JOURNALS

RS Open Journal on Innovative Communication Technologies ((?_;)

Color changes)
of facial color ’

-

RGB camera ’

RGB Video

Temperature

4

IR camera

 Thermal sequences

heartbeat signal

respiration signal

™ Frequency of heartbeat
b 4

L, L rate

PSD

Heart

2

Frequency [Hz]

/4 Health I
Frequency of respiration Respiration
| rate
’ ’ Infectic-nl

Temperature

P50

A - F4

(13 L]

Frequency [Hz]

FIGURE 57: Infectious decease screening system using infrared and RGB imaging .

Server

FIGURE 58: Proposed smart phone camera vital signs mea-
surement system model [72].

ied. The changes of the wave after reflection convey data
that can be decoded to sense information about a user such
as motion, heartbeat rate, sleep, and other emotions without
using body contact sensors. Some challenges encountered
when using this technique are as follows:

1) Bandwidth: The range resolution of FMCW is con-
strained by bandwidth. Higher resolutions means
higher bandwidth [88].

2) Power consumption: FMCW radar systems are able to
provide fine range and Doppler information, neverthe-
less, the power consumption of these system is high
[12].

3) Orientation: Since the FMCW-based system sends a
continues signal in a given direction, the orientation of
the subject is a factor where for example if the chest is

being observed for respiratory monitoring some critical
signals may be missed if the patient’s thorax is not
facing the antenna because the signal is weak [34].

4) Accuracy: Accuracy is one of the most important at-
tribute for a vital signs monitoring system in an AAL
environment for instance. In the FMCW-based radar
set-up, the FFT is used to measure the range or property
of the detected subject. Nevertheless, FFT is not always
accurate and accuracy-improving algorithms need to be
utilized to enhance the precision of the system [89].
Some signal processing algorithms used are window-
ing, zero-padding, chirp-z transform, and frequency
estimators.

5) Noise and Cost: Authors in mention that the main
problem that persisted in their design of the Doppler
radar vital sign monitoring system is finding ways to
minimize the background noise during motion while
maintaining low cost.

6) Interference: Authors in note that interference
from things such as moving fans and neighbors is one
of the biggest challenge faced by the design of EZ-
Sleep used to detect insomnia. This is because the RF
signal provided to the classifier can easily reflect the
motion from the interference.

B. CHALLENGES FACING CSI-BASED SENSING
In this section, we look at the different challenges faced by
CSI-based systems discussed in section III B. CSI contains
tremendous data about the environment, this data can be
extracted to create new information. Nevertheless, there are
numerous challenges faced by CSI-based systems such as:
1) Motion: Authors in [46] proposed a contactless res-
piration monitoring system using RSS. Moreover, the
authors discuss further research issues such as the
limits of distinguishing between subject’s body motion
and actual breathing motion. Body motion such as
arm or body movement occupies most of the sens-
ing frequency, therefore, the main research question
posed by [46] is to investigate weather some of the
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frequency channels remain unaffected despite the body
motion interference. Moreover, in a Wi-Fi CSI-based
gesture recognition system the main problem was that
the gesture movements produced minute Doppler shift
changes which was very hard to detect [47} 90].

2) Subject’s characteristics: In breathing monitoring us-
ing RSS, the characteristics of the patient such as
age, gender, and size should be taken into consider-
ation. For instance, the chest movement of a child is
considerably faster than that of an adult, hence, it is
expected that monitoring a infant’s chest movement
is more challenging. This factors must be taken into
consideration when designing CSI-based respiratory
monitoring system [46].

3) Unreliability: According to [90], RSS provides only
a rough estimate about the information of a wireless
channel and does not provide detailed information
about the effect of multipath. Moreover, RSS mea-
surements are single values per packet which represent
SINR over the channel.

4) Cost: In large crowd sensing application, high training
cost is the main limiting factor in CSI-based technique,
moreover, it is very difficult to get the actual ground
number when a large group of people is involved [90].

5) Range: Wi-Fi-based sensing techniques have limited
range of detection compared to other techniques such
as ulta-wide band (UWB), hence, this could limit their
application [48},[90].

C. CHALLENGES FACING WSN-BASED SENSING

The proposed technique used by [57] uses ultra low-power
radio-frequency transceiver to detect the motion and breath-
ing of the patient during sleep. Some challenges faced by this
scheme are as follows:

1) Security: It is critical that the information of a patient
is protected. The sensed signal from the patient should
be secure and with limited access. Moreover, the the
sensed signal from one patient should not be mistaken
for another [91]92].

2) Reliability: The system must be very reliable. Sensing
and wireless communications errors must be reduced
because an undetected signal could lead to fatal conse-
quences.

3) Intelligence: Intelligent systems can also be integrated
to the WSN paradigm to equip the sensors with the
ability to continuously monitor the patient or perform
an event driven surveillance.

4) Transmission power: The transmit power used by the
sensors should be very low to prevent interference and
radiation [93}[92]], which could be harmful to a person.
However, the power should also be enough to provide
power for sensing. Potential solutions for the power
problem in WSN have been proposed in [91].

5) Mobility: The communication path used for one data
transfer is outdated in case of mobile WSN nodes. This
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means extra processing power needed to compute new
routs as well as extended delays.

6) Cost: Expenditure is incurred by the routing algorithm
in terms of bandwidth, delay, jitter, among other per-
formance metrics. Based on the requirements of the
system, a trade-off is needed between cost, QoS and
resources. Moreover, sustaining a route table is also
costly [94]. In addition, WSN have limited power,
computation, and memory.

7) Delay: For real-time monitoring systems, delay is one
of the most critical factor and hence, must be mini-
mized. Delay can be caused by network characteristics
such as node mobility, interrupted connection, and
rerouting [94].

8) Bandwidth: In WSN bandwidth is a limited resource
and systems must carefully select routes to utilize the
available bandwidth while maintaining system perfor-
mance [94]).

D. CHALLENGES FACING CAMERA-BASED SENSING
Even though the use of cameras for persons monitoring
such as fall detection is well researched, there are still some
technological challenges to overcome, such as:

1) Sensitivity: In the case of the use of thermal cameras
for instance, infrared thermography (IRT) which was
a popular mechanism used to detect patients carrying
infectious diseases suffers from low sensitivity and
specificity because monitoring high temperature alone
is not sufficient to detecting an infected patient [24].

2) Occlusion: If there are many obstacles such as furniture
in a room, there might be a need to add more cameras
[95].

3) Acceptance: Many subjects are very reluctant to accept
this form of sensing in their homes or around them.
They user usually feels like they will loose their privacy
[95]I.

VI. LESSONS LEARNED AND RESEARCH DIRECTION
In this section we summarise the lessons learned from this
survey as well as the future expected direction of research in
this field.

After presenting the contactless technology to supervise
human vital signs with the different techniques and systems
classified as FMCW-radar, channel state information, wire-
less sensor network, and camera based, we summarize and
compare these techniques according to supervised vital signs,
used technique, and the used band as shown in Table @, as
well as according to the machine learning technique used for
classification as shown in Table (2)).

Table (T)) shows that FMCW is the most exploited technol-
ogy to develop contactless sensing devices in medicine. This
study has also shown that contantless sensors have great po-
tential to revolutionise human vital sign detection and moni-
toring. The study has demonstrated that contactless sensing
technology can be used to limit contact between patients,
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TABLE 1: Comparison according to the monitored vital sign,

techniques, and Bands

Approaches Vital sign Technique| Band(GHz)
|11 Breathing and heart- | FMCW | 77
beat
127] Motion, HR, RR FMCW |24
EQ-Radio[43] Emotion FMCW | 5.46-7.25
EZ-Sleep[28] Breathing,  motion, | FMCW 5.46-7.25
sleep
Vital-Radio[29] Breathing, HR FMCW | 5.46-7.25
Marko[30] Behavior FMCW 5.46-7.24
Witrack[44] Localization FMCW | 5.56-7.25
WiTrack2.0[45] Localization FMCW 5.46-7.25
Aryokee[31]] Fall FMCW 5.46-7.24
132] sleep FMCW | Not
specified
WiGait[33] Gait velocity, Stride | FMCW 5.46 -7.24
length
Emirald[36] FSHD FMCW | Not
specified
Emirald[37]] Surgery recovery (en- | FMCW | Not
dometriosis) specified
138] Head position FMCW Not
specified
BodyCompass Sleep position FMCW |54 GHz -
[41]) 7.2 GHz
Emirald[39] Pacing FMCW Not
specified
[42] PD FMCW | Not
specified
[40] Human Figure FMCW 5.46 -7.24
[34] Respiratory rate and | FMCW | 5.8
heartbeat
135] Respiration rate FMCW 58
[17] Human activity (sit- | CSI 2.4
ting standing)
[46] RR CSI 24
WIDETECT([47] Motion CSI 5.805
WifiU[48] Gait CSI 5
WIFID[49] Identification CSI Not
specified
WiSee[56] Gesture Recognition | CSI 5
53] Human activity CSI 5.8
154] Gesture Recognition | CSI 5
155] Heart beat CSI 24GHz
1D-CNNI50] Paraparesis CSI 5.32
I51] Human activity (sit- | CSI 33
ting standing)
152] Human posture CSI 3.198
SleepMinder|57]] Sleep(AHI), Breath- | WSN 58
ing
160] Localisation, breath- | WSN 2.4
ing
159] Temperature, WSN 2.4
luminosity
124] Blood Volume Camera 0.75-4.0 Hz
163] Heart rate, Tempera- | Camera 10GHz
ture
169] See through wall Camera 10GHz
[70,171) Respiration and | Camera | Not
heartbeat specified
172] Heart rate, per-fusion | Camera | Not
index and oxygen sat- specified

uration

TABLE 2: Comparison according to the classification tool.

Approaches Classification tool
[26] Not specified
127] Not specified
EQ-Radio[43] SVM
EZ-Sleep[28] CNN
Emirald[39] Not specified
Vital-Radio[29] Not specified
Marko[30] NN
Witrack[44] Not specified
WiTrack2.0[45]|] Not specified
Aryokee[31]] SVM, NN
132] NN
WiGait[33] Not specified
[40] Not specified
[46] HMM
WIDETECT[47] | Not specified
WifiU[48]] SVM
WIFID[49] SVM
WiSee[56] Not specified
1531 KNN
ID-CNNJ[50] CNN

Sleep Minder[[57] | Not specified
[60] Not specified

doctors, and other people and hence preventing the spread
of highly contagious diseases such as Covid-19. However,
the spread and persistence of Covid-19 pandemic in the year
2020 clearly showed that contactless sensors have not been
developed and deployed enough. As a result, researchers and
engineers have realized this gap and contactless sensing is
expected to be given more attention leading to development
of advanced contactless sensing systems in the near future.

The future direction of this work will be to analyse the
most effective method used to perfect the highlighted chal-
lenges in the previous sections for each contactless sensing
scheme.

VIl. CONCLUSION

Vital signs monitoring is a necessary, useful, and lifesaving
method used in healthcare to monitor and follow the subject’s
well-being and trigger the required intervention, especially
in high-risk scenarios. contactless sensor technology is a
new technology applied in medicine that ensures that the
monitoring of a patient is done in a remote manner with
no patient-healthcare provider physical contact and without
asking the patient to wear any body-contact sensors. In this
survey, we studied the current approaches and techniques
used to monitor human vital signs using contactless (device-
free or sensorless) wireless technology. Our analysis yields
the following results: contactless sensing is a viable sensing
technology in the field of medicine with the ability to save
human life and provide valuable data while ensuring comfort
to the subject since no direct contact is required. In addition,
utilizing contactless sensor technology will reduce direct and
physical interactions between the patient and the care giver,
hence lowering the chances of spreading contagious diseases.
Moreover, existing techniques are modeled around FMCW-
radar (which is a widely used technique as the basis of
other sensing methods), channel state information, wireless
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sensor networks, and camera. Also, we discussed some of
the main challenges faced by each of the contactless sensing
techniques as well as enabling hardware technologies.
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