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A Contactless Health Monitoring System for Vital
Signs Monitoring, Human Activity Recognition and
Tracking

Anna Li, Eliane Bodanese, Stefan Poslad, Penghui Chen, Jun Wang, Yonglei Fan, Tianwei Hou

Abstract—Integrated sensing and communication technologies
provide essential sensing capabilities that address pressing chal-
lenges in remote health monitoring systems. However, most
of today’s systems remain obtrusive, requiring users to wear
devices, interfering with people’s daily activities, and often raising
privacy concerns. Herein, we present HealthDAR, a low-cost,
contactless, and easy-to-deploy health monitoring system. Specif-
ically, HealthDAR encompasses three interventions: i) Symptom
Early Detection (monitoring of vital signs and cough detection),
ii) Tracking & Social Distancing, and iii) Preventive Measures
(monitoring of daily activities such as face-touching and hand-
washing). HealthDAR has three key components: (1) A low-
cost, low-energy, and compact integrated radar system, (2) A
simultaneous signal processing combined deep learning (SSPDL)
network for cough detection, and (3) A deep learning method for
the classification of daily activities. Through performance tests
involving multiple subjects across uncontrolled environments, we
demonstrate HealthDAR’s practical utility for health monitoring.

Index Terms—Deep learning, Integrated sensing and commu-
nication, Radar, Remote health monitoring

I. INTRODUCTION

NTEGRATED sensing and communication (ISAC) tech-

nologies offer a compelling avenue for exploiting wireless
and hardware resources for dual-purpose applications [1].
Future wireless networks are anticipated to be extremely
dense, with billions of connected devices continuously ex-
changing signals [2]. This density could be harnessed to
achieve pervasive sensing capabilities at almost zero cost [3].
The importance of such technology is clearly highlighted when
considering the challenges faced by global healthcare systems.
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Recent years have witnessed the emergence of wearable
technologies for non-invasive health monitoring [4]-[6]. How-
ever, these wearable devices can be uncomfortable, expensive,
and limited in usage, necessitating direct attachment to the
person’s skin or body. For instance, the elderly often feel
encumbered or embarrassed by wearable devices, and indi-
viduals with dementia might forget to wear them. Infants
are at risk of skin irritation from wearable sensors, while
patients with severe burn wounds find them difficult to tolerate.
Furthermore, these devices require the user to remember daily
recharging. A health monitoring method must meet criteria
for large-scale, everyday use, prompting the healthcare in-
dustry to shift its focus gradually towards contactless remote
health monitoring solutions. While camera-based solutions [7]
can directly monitor daily human activities, they struggle to
capture vital signs. They are also limited by variability in
brightness, contrast, and exposure, and they potentially raise
privacy concerns [8].

Much attention has been recently given to healthcare us-
ing the radio frequency (RF) sensing modality [9], [10],
[10]-[15]. Radar sensors are contactless devices capable of
operating under any lighting conditions, and can penetrate
opaque objects such as tables or walls [16]. An additional
feature that renders radar particularly attractive for health
monitoring is its adherence to privacy norms for monitored
individuals, making it suitable for environments like hospitals,
restrooms, bedrooms, and other locations where the presence
of video cameras would be discomforting. Driven by advances
in machine learning and hardware-software integration, radars
are uniquely positioned to provide insights into long-term
monitoring of evolving body states, offering a sense of security
and safety for individuals [17].

A. Objectives and motivations

The development of millimeter-wave (mmWave) commu-
nication technologies opens up new avenues for catering to
sensing applications that have more rigorous demands [18].
Utilizing the substantial bandwidth inherent in mmWave com-
munication systems can significantly enhance the sensing reso-
lution, particularly in range measurements [19]. In this paper,
we concentrate on the sensing aspect of ISAC, particularly
emphasizing remote health monitoring. We have devised a
comprehensive sensing platform that employs radar technol-
ogy for high-precision sensing, delivering crucial, reliable data
for remote health monitoring. This platform acts as a testbed
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Fig. 1: Application Scenarios.

to evaluate sensing efficacy. Specifically, our objective is to
introduce HealthDAR, a remote health monitoring system
that requires only a ‘coin-sized’ radar (22 mm X 44 mm),
making it suitable for deployment in homes, offices, malls,
and other similar settings. HealthDAR operates unobtrusively,
without interfering with individuals’ daily activities, without
invading their privacy. This makes it well-suited for environ-
ments such as hospitals, restrooms, and bedrooms, where the
use of cameras would be considered intrusive. The World
Health Organization (WHO) has stressed the necessity for
early detection of infectious diseases and outlined effective
preventive measures, including frequent hand washing, social
distancing, and avoiding face touching [20]. To better follow
these instructions, we consider three scenarios supported by
HealthDAR, as shown in Fig. 1: i) Symptom Early Detection,
i) Tracking & Social Distancing, and iii) Preventive Measures.
We have several motivations for each considered scenario:

o Symptom Early Detection: Vital signs (heart rate and
breath rate) are essential for illustrating the physical
condition of individuals, where abnormal breathing pat-
terns and irregular heart beat could indicate the poten-
tial of infectious disease. Cough detection holds critical
importance, as coughing significantly contributes to the
transmission of viruses through airborne droplets [21].
Therefore, reliable early diagnosis based on cough anal-
ysis, complemented by vital signs, would offer a swift
and convenient method for controlling the spread of
infectious diseases in a pandemic situation [22]. Most
preceding studies in cough detection [23]-[25] utilized
short-term magnitude spectrograms, transformed from
cough sound data by deep learning models. However,
these are susceptible to background noise, which could
be misinterpreted as cough sounds [26]. Moreover, audio-
based solutions raise privacy concerns.

o Tracking & Social Distancing: Sensing location informa-
tion can help identify areas that are at risk of virus expo-
sure and remind people to keep social distancing [29]—
[31]. Since existing studies usually target one person, it
is challenging to track the location of a cough in public

places with many people. In addition, many previous
studies have focused on wearable devices, which required
users to wear a ‘tag’, use an active mobile device such as
a smartphone [32], or install equipment such as micro-
phones [33]. These solutions may cause inconvenience
for some users.

o Preventive Measures: There is a significant need to de-
velop a health monitoring system that actively reminds
individuals to adhere to proper hygiene practices, such as
frequent hand washing and avoiding face touching. Such
practices are vital in maintaining health, and monitoring
them involves detecting small-scale activities, character-
ized by micro-Doppler signatures (MDS). These MDS are
generated by micro-movements of weak scattering points,
typical of actions like hand-washing and face-touching.
In contrast, larger-scale activities such as running or
walking produce a different kind of Doppler signature,
resulting from the movement of strong main scattering
points, primarily the trunk. Both types of activities - small
and large scale - can be analyzed using spectrograms,
which effectively represent the state of human activity.
Recently, deep learning algorithms have begun to auto-
matically extract the most prominent MDS features from
spectrograms, forgoing artificial feature extraction [34].
Many works [35]-[37] based on radars have successfully
used different deep learning models to recognize different
small-scale activities, but performance analysis under
multi-people application scenarios in different environ-
ments remains an uncharted territory. Specifically, achiev-
ing high recognition accuracy of the micro-activities for
new individuals in uncontrolled environments is highly
challenging because this goal has to be met in multi-
scenario settings with numerous sources of clutter and
interference.

B. Implementation and Evaluations

We conducted our experiments on three subjects in two
uncontrolled environments, both indoors and outdoors. We
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TABLE I: Comparison of technologies measuring human large-scale activity, small-scale activity and vital signs.

Contactless | Privacy | Environment | Large-scale Activity | Small-scale Activity | Vital Signs
Issues Adaptability Accuracy Accuracy Accuracy
Wearable sensors [4]-[6] X X Medium High High High
Acoustic sensors [27], [28] Depends v Low Low Low High
Cameras [7] v v Low High High -
Wi-Fi [13], [14] v X High Low Low Low
This paper v X High High High High

collected over 6000 samples, ranging from large-scale activ-
ities, small-scale activities, to vital signs. We then evaluated
HealthDAR on 22 new (unseen) subjects. The results indicate
that HealthDAR generalizes well to new (unseen) subjects.
Specifically:

o The correlation between the test and ground truth for
the heart rate (0.99) and breath rate (0.98) suggests
that HealthDAR’s results are highly correlated with the
ground truth.

o The proposed simultaneous signal processing and deep
learning (SSPDL) network provides 100% cough de-
tection accuracy, resulting in a 49.7% and 1.4% im-
provement over AlexNet and DenseNet-201 (baselines),
respectively. For new (unseen) subjects, an Equal Error
Rate (EER) of 1.8% was achieved.

o HealthDAR achieves 100% overall accuracy (OA) on
both face-touching and hand-washing in both indoor and
outdoor scenarios, whether performed by one person or
multiple people. This demonstrates that our approach
is robust against changes in the environment or the
number of people. When tested on new (unseen) subjects,
although HealthDAR'’s accuracy experienced an average
drop of 3.85%, it still maintained stable performance.

C. Contributions

In this paper, we focus on pure sensing, exploring the
potential of RF for remote health monitoring in terms of
symptom early detection, tracking & social distancing, and
preventive measures. Our system does not necessitate users
to actively provide input or to wear any devices on their
bodies, making it comfortable and easy for everyone to use.
Specifically, we simultaneously monitor daily activities, vital
signs, and localization in practice, filling a gap in RF-based
health monitoring. We precisely determined the locations and
vital signs of multiple volunteers and successfully recognized
their social distance in a real-world setting. We further eval-
vated the performance of the proposed system in recognizing
face-touching and hand-washing, where the proposed system
achieves 100% accuracy whether performed by one person or
multiple people in uncontrolled environments. When tested on
22 unseen subjects, the proposed system continued to exhibit
stable performance. This confirms that our approach is robust
against varied scenarios or multiple users. In comparison with
existing state-of-the-art solutions (shown in TABLE I), the
proposed system represents a fully functional and innovative
prototype, ready to unlock new possibilities across a wide
spectrum of sensing applications.

D. Organization

The rest of the paper is organized as follows. Section II
introduces the system design. Section III presents the detailed
experimental setup. Section IV reports the evaluation results.
Section V concludes this paper.

II. SYSTEM DESIGN
A. General architecture of the system

Here, we present a remote health monitoring system based
on a Frequency-Modulated Continuous-Wave (FMCW) radar.
It operates by transmitting wireless signals and measuring
their reflections off the user’s body. Fig. 2 shows schematic
illustrations of the entire procedure for establishing the pro-
posed health monitoring system. The developed system is
composed of three modules that operate in a pipelined manner:
hardware module, data processing module, and recognition
module. Briefly, in the data processing module, signal pro-
cessing methods are utilized to collect the original heartbeat
signal, respiratory signal, micro-Doppler signatures, and four-
dimensional (4D) radar data cube containing time-domain,
sampling-domain, space-domain, and frame-domain informa-
tion. In the recognition module, deep neural network classifiers
are utilized for human activity recognition. Residual networks
(ResNets) are presented for small-scale activity recognition,
including coughing, hand-washing, and face-touching. The
SSPDL algorithm is presented to detect cough by considering
cough and vital signs jointly.

B. Hardware design

Three fundamental principles are adhered to in the hardware
design: low-cost, low-energy, and low-space.
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Fig. 2: System overview.
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Fig. 3: The illustration of FMCW radar.

Low-cost: It requires a large number of radars for the
proposed application scenarios, which indicates that the cost
of each radar must be acceptable for deploying massive radar
hardware. Normally, the current commercial FMCW radar
in 77 GHz needs 200-400 USD, e.g., IWR1642Boost [38],
and hence the funding requirement may be unacceptable
for massive deployment. The cost of the whole equipment
used in this paper could be lower than 20 USD for massive
deployment.

Low-energy: In most of today’s commercial FMCW radars,
the power consumption is higher than expected. For example,
if the radar requires a 12 voltage direct current (V-DC),
then an adapter is necessary for each radar for transferring
alternating current (AC) without any doubt. Hence, providing
massive adapters is not realistic in practice and more energy
consumption also enhances the cost of energy. To minimize
the required energy of the presented FMCW radar, a simple
USB interface from the laptop is utilized, facilitating both data
transfer and power supply simultaneously.

Low-space: In practice, the space of the FMCW radar must
be limited to the unspectacular level if we want to monitor hu-
man daily activities in public scenarios. The best way to meet
the total space requirements of FMCW radar for avoiding extra
attention is to integrate Voltage Controlled Oscillators (VCO),
frequency multipliers, mixers, filters, amplifiers, Analog-to-
digital (AD) converter, transmitting antennas, and receiving
antennas into a single chip.

Based on the above-mentioned principles, the hardware of
an FMCW radar used in this paper is illustrated in Fig. 3.
As we can see from Fig. 3, only two major components,
an STM32 series microprocessor and an integrated-sensing
chip (ISC), are included in the hardware equipment. The
STM32 series is a low-price microprocessor, where the price
is normally lower than 1 USD. The ISC is designed and
produced by ourselves, which includes VCO, frequency multi-
pliers, mixers, filters, amplifiers, AD converter, and antennas.
Conventionally, the antennas of mmWave signal are located
on the Printed Circuit Board (PCB) directly. However, to
minimize the required space of antennas, the transmitting
antennas and receiving antennas are integrated into the ISC,
namely transmitting-antenna-on-chip (TAoC) and receiving-

Kingston USB Flash Disc

A British two-
pound coin

The designed
FMCW radar

Fig. 4: The comparison between the IWR1642Boost, a flash
disc, a British two-pound coin, and our FMCW radar.

antenna-on-chip (RAoC). A comparison of our hardware with
some benchmark schemes is provided in Fig. 4, which better
illustrates the size of our FMCW radar for readers. As can be
seen in Fig. 4, the designed FMCW radar is even smaller than
a Kingston flash disc.

The FMCW radar has two modes: work mode and data
transmission mode. In the work mode, four TAoCs are acti-
vated one by one in a frame, each of which activates 1360
us. The voltage and current of the work mode are 5 V and
310 mA, respectively. In the data transmission mode, both of
TAoCs and RAoCs are inactivated, whereas only the universal
asynchronous receiver transmitter (UART) is activated in the
frame. In this case, the voltage and current of the data
transmission mode are 5 V and 110 mA, respectively.

C. Signal waveform and processing

1) Signal waveform: We then turn our attention to the
FMCW signal waveform as illustrated in Fig. 5. In our ISAC
system, we simply involve the communication data into the
sensing system by changing chirp slopes. Note that due to the
constraint of the Microcontroller unit (MCU), we can only
change the chirp slope in different fame, thus the maximum
data rate can be simply derived as 25 bps. Since the memory of
the ISC is not enough for massive waveforms, there is only one
waveform available. In the work mode, VCO first generates a
9.625 GHz sine signal as the RF source. Then, the signal is
multiplied by 8, and the output is a 77 GHz sine signal. The
signal frequency of VCO linearly increases from 9.625 GHz to
9.95 GHz in T = 85 s, and hence the output signal frequency
increases from 77 GHz to 79.585 GHz, which is called a Chirp.

Transmitted Signal

Reflected Signal
f Chirp Bit 0 Bit 1
JSIS - L — 1 —
T
T af
2.585GHz
77GHz

< 835us ™ — T
256 samples

Fig. 5: The FMCW signal waveform.
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Fig. 6: The signal processing steps of collected data.

TABLE II: The parameter setting of our FMCW radar.

Parameters Values

Effective bandwidth B = 2.585 GHz
Carrier frequency 77 GHz
Number of Tx antennas 4

Number of Rx antennas 4

Antenna type Antenna on chip

Chirp duration T =85 us
Chirp slope 30.4118 MHz/us
ADC sampling frequency  3.6363 MHz
Range resolution 0.070060 m
Maximum range 12.8 m

Frame time 40 ms

By utilizing the filter and amplifier, the generated FMCW
signal is radiated by four TAoCs. Note that four TAoCs are
activated one by one within different time resource blocks,
whereas four RAoCs are simultaneously activated. By doing
so, the FMCW radar is capable of evaluating both the azimuth
and height of the detected target. The detailed parameters of
the designed FMCW radar are concluded in TABLE II.

Due to the limited memory, the frame length is set to 40
ms, which is used for data transmission. In each frame, 16
Chirps are transmitted in 1.36 ms by each TAoC one by one,
and the reflected signals are received by four RAoCs. Since
the frequency of the transmitted signal is linearly increased,
whereas the frequency of the received signal is fixed, the
residue frequency A f after mixer can perfectly reveal the time
of flight (ToF) of electromagnetic wave, which is capable of

evaluating the distance between our radar and detected subjects
by extracting peak frequency components as follows:

cAfT

=5 M

where ¢ denotes the speed of light, Af denotes the residue
frequency, B = 2.585 GHz denotes the bandwidth. By some
algebraic manipulations, the range resolution can be given by

c

R, =—. 2

5B 2)

Similarly, the speed resolution can be obtained as follows:
c

Vi=cnmoTe 3

2BN.T ©)

where denotes the number of Chirps in a frame. Considering
the frequency shift, the AD converter is set to 256 samples
in each Chirp, thus the sampling rate is 3.63 M-Sample-Per-
Second (MSPS).

2) Signal Processing: The collected radar data is a 4D cube
containing time-domain, sampling-domain, space-domain and
frame-domain information, which is illustrated in Fig. 6. For a
better understanding of the collected data, we simply provide
time-domain, sampling-domain, and space-domain data in a
single frame as an example, which contains 16 x 256 x 16
data. In signal processing, there are seven steps for three major
aspects, namely large-scale activity recognition, small-scale
activity recognition, and vital signs:

o Stepl: In the beginning, the data are separated into

the sample-time domain, which is a 256 x 16 matrix.
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Then, in the first step, the fast-Fourier transform (FFT)
is employed for each column, and the range-time-map can
be obtained, which reveals the range between the radar
and detected subjects.

o Step2: In Step2, the FFT is employed for each row in the
range-time-map, and hence the range-speed-map is evalu-
ated, which is capable of demonstrating the instantaneous
speed of the detected subjects in each frame.

o Step3: We then compile several range-time maps in terms
of the index of frames. By doing so, each row contains
more activity information, i.e., if 5 frames are compiled,
then the micro-doppler information in 0.2 s is included.

o Step4: Similarly, the FFT is employed for each row in
the range-time-map generated in Step3, and the Range-
Micro-Doppler-map can be obtained for DL algorithms
to recognize the human gestures.

o StepS: It is not possible to create a coordinate system
with only range, time and speed information. The azimuth
between radar and detect subjects is also necessary.
Here, the origin data cube is separated by the sample-
domain and space-domain. Note that since the RAoCs are
located at the same line, and by employing the Multiple
Signal Classification (MUSIC) algorithm, only four space
information are needed for evaluating the azimuth-map
between radar and detect subjects.

o Step6: The low sampling signal, lower than 200 Hz,
is obtained by utilizing the decimation theorem, which
contains the heartbeat signal and breath-cough signal
simultaneously. Then, the bandpass filters are deployed
to heartbeat detection and breath-cough detection, respec-
tively.

o Step7: In the end, the heartbeat per minute and the
breath-cough per minute can be estimated by FFT, where
the peak value reveals the number of heartbeat and breath-
cough per minute.

By doing the above seven steps, the Range-Micro-Doppler-
map obtained in Step4 is able to recognize the small-scale
activity, e.g., touching face or coughing. Combined range-
time-map in Stepl, range-Speed-map in Step2 and azimuth-
map in Step$, it is capable of recognizing the large-scale
activity, i.e., one’s location and its velocity. By Step7, the rate
of heart-beat and breath-cough can be perfectly obtained. In
summary, the range, speed, azimuth, micro-doppler, heartbeat,
and breath-cough of detected subjects are obtained by the
above seven steps, which can be employed for the proposed
SSPDL.

D. HealthDAR’s Algorithm

Residual network (ResNet): ResNets were first proposed
by He et al. [39], which then achieved state-of-the-art on
challenging computer vision tasks. ResNets aims to ease the
training of substantially deeper networks. An important design
principle of ResNets is that when the feature map size is
reduced by half, the number of feature maps is doubled, main-
taining the network layers’ complexity. Additionally, ResNets
directly use the convolution of stride = 2 for down-sampling,
where it replaces the fully connected layer with the global
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Fig. 7: The architecture of ResNet-18. (a) is the whole struc-
ture of ResNet-18, which contains four down sampling blocks,
and three full connected layers. (b) is the down sampling
block which contains two branches, one follows by three
convolutions and the other contains one convolution. (c) is
the full connected layers with three steps.

average pool layer. A short-circuit mechanism between each
two-stage layer is added to ResNet, which forms residual
learning.

In this paper, an 18-layer ResNet is used to perform three-
layer residual learning. As shown in Fig. 7, the three-layer
convolution kernels are 1*1, 3*3, and 1*1, respectively. When
the output and input dimensions are identical, the input and
output dimensions can be directly superimposed. The full
connection layer degrades the high-dimensional features into
a one-dimensional vector. This work uses a three-layer full
connection operation to compress the one-dimensional vector
to 512 dimensions, where the final classification decision is
made.

SSPDL: As shown in Fig. 8, the classification results
of both signal processing and ResNet-18 are independently
obtained. If two results of both signal processing and ResNet-
18 are identical, the SSPDL output the final result; otherwise,
both signal processing and ResNet-18 will re-classify the
cough until the results are identical. More specifically, for
the small-scale activities, since the SP cannot distinguish the
slightly movements, the cough is classified by ResNet-18
independently. When the cough is classified successively, the
vital signs can be then derived by signal processing.

III. EXPERIMENTAL EVALUATION
A. Experimental Setup

To evaluate the performance of the proposed system, we
recruited three healthy student volunteers (2 women and one
man) with different body conditions. During the experiments,
participants wore their daily attire and face masks. To show
that HealthDAR is stable no matter indoors or outdoors, we
conducted our experiments in two uncontrolled environments,
which are outdoors and an office room. The outdoor envi-
ronment is shown in Fig. 9(a). The FMCW radar was placed
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Fig. 8: SSPDL for cough detection.

within 0 to 7 m from a subject, which was located 50 cm
above the ground. The office is 5.5 m x 6 m, which is a
challenging scenario. As shown in Fig. 9(b), there are many
desks, chairs, bookcases, and sundries. We located the radar
120 cm above the ground. It should be noted that both of two
experiment environments are uncontrolled.

B. Data Collection

As shown in Table III, we categorized human activities into
three main categories: 1) large-scale activity; 2) small-scale
activity; 3) vital signs. The large-scale activity involves walk-
ing and running. The small-scale activity includes coughing,
hand-washing, and face-touching. Vital signs hold heart rate
and breath rate. We captured our data over multiple days and
nights with different time spans.

Experiment for scenario 1: Our first experiment was de-
signed to evaluate HealthDAR’s ability to detect cough. During
the data collection process, subjects were asked to cough while
standing. Each of the subjects performed coughing and none-
coughing 30 times, respectively.

Experiment for scenario 2: Our second experiment was
designed to track multiple people’ locations and then get the
social distance of persons. Hence, firstly, we performed large-
scale activities (walking and running) to test the ability of
HealthDAR. Volunteers were asked to perform walking and
running in casual combinations, e.g., a person was walking
while another is running. The next step is to track the coughing
person. We conducted the experiment where a person was
coughing while another was walking/running/standing. To be

TABLE III: Classification criteria for different human activi-
ties.

Human Activity
Walking
Running
Coughing

Hand-washing
Face-touching
Heart rate
Breath Rate

Large-scale activity

Small-scale activity

Vital signs

DEQannes g 1

(a) Outdoor scenario (b) Indoor scenario

Fig. 9: Two uncontrolled experiment environments.

noted that all these experiments were conducted at different
azimuths, speeds, and ranges in front of radar.

Experiment for scenario 3: Our third experiment was
designed to recognize different persons’ potential preventive
measures. We consider 1) Indoor activities performed by one
person; 2) Indoor activities performed by multiple people;
3) Outdoor activities performed by one person; 4) Outdoor
activities performed by multiple people. Subjects were asked
to perform hand-washing and face-touching 30 times in these
four scenarios.

Experiment for new (unseen) people: We recruited 22
people to test the ability of HealthDAR on new (unseen)
people, whose demographics are shown in Table IV.

Ground Truth: To determine HealthDAR’s accuracy on
heart rate and breath rate, we use wearable devices NeulLog
sensor [40] to obtain the ground truth measurements of their
breath rate and heart rate in real time. In a real-world use case,
the user does not need to wear the NeulL.og sensor.

C. Data Pre-processing

The data pre-processing includes time scale selection, nu-
merical distribution analysis of micro-Doppler features, range
setting and heatmap generation. More specifically, small-scale
activities such as hand-washing and face-touching generally
last for a short period of time. Hence, time scale is set to 0.5
s to generate micro-Doppler feature maps. Additionally, it is
necessary to count the distribution characteristics of the micro-
Doppler results. Based on the analysis, a certain threshold
range is set to filter out these noises. A heat map dataset with a
relatively uniform distribution were then generated. We finally
got 6302 samples.

D. Baseline Network Parameters

We implemented two state-of-the-art baselines, which are
AlexNet [41] and DenseNet-201 [42]. More specifically, for
scenario 1, the DL component of SSPDL is replaced by the
baselines, and the rest of HealthDAR’s algorithms remained
unchanged. For scenario 3, we used baselines to compare
directly. AlexNet is a traditional 7-layer CNN. The convolution

TABLE IV: Demographic description of participants

Demographic data of study population
Age (years) 20-62 years old
Gender Ratio Male: 15, Female: 7
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Fig. 10: Bland-Altman plot comparing HealthDAR’s measure-
ments and groundtruth when coughing.
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Fig. 11: Pearson correlation coefficients of HealthDAR’s esti-
mation and groundtruth when coughing.

kernel size is 3*3, and pooling layer uses 2*2 maximum
pooling. The activation function is Relu, and the total number
of parameters is 2.4 M. In DensNet-201, the average pooling
of 2*2 is used in the transition process and the last layer
of Dense. The total number of parameters reaches 8.78 M.
In the forward training process, ResNet-18 uses 2*2 average
pooling in the previous step of the fully connected layer, and
the parameter size of ResNet-18 is 6.92 M.

E. Evaluation Metrics

The metrics used to evaluate recognition performance from
different perspectives are 1) OA; 2) Recall; 3) F} score; and
4) Precision. The detailed description of each metric can be
found in [43]. Additionally, we use the metric that is widely
accepted by other studies, which consist of bias or mean error
u, standard deviation (SD) error o and a Pearson correlation
coefficient p.

IV. PERFORMANCE RESULTS

In this section, we evaluate the performance of HealthDAR,
demonstrating its advantage over early detection, tracking, and
reminding people of preventive measures. The pre-processing
of radar data cube, including beam-forming and filtering, was
done in MATLAB 2020b. Networks training and testing were
done in Python 3.8. During the training process, we divided
the pre-processing samples into three segments: 80% for the
training, 10% for the validation, and 10% for testing.

A. Scenario 1: Symptom Early Detection

1) Performance of vital signs monitoring: Fig.10 shows the
Bland-Altman analysis [44] that describes the average error
between HealthDAR and the ground-truth. The breaths-per-
minute and beats-per-minute, which refers to respiration rates

Standing Coughing
1.0 1.0
— Breath Rate| — Breath Rate
o 08 — Heart Rate o 08 — Heart Rate
kR ) — Cough Rate
28 o6 23906 g
c N c N
o o
ZE o4 SE o4
] S
s £2
w 0.2 i 0.2
0.0 0.0
0 50 100 150 200 0 50 100 150 200

Times (per min) Times (per min)
Fig. 12: An example of vital signs changing when a person is
standing and coughing, respectively.

and heart rates. The mean and SD error of heart rate and breath
rate when coughing are 0.3 and 0.04. In addition, the subjects’
breathing rates range from 16.30 to 27.78 breaths/minute,
while their heart rates vary from 57.69 to 101.4 beats/minute,
where these rates span the range of adult breathing and heart
rates [45]. We then computed the Pearson correlation coeffi-
cient p [46] to quantify the similarity between HealthDAR and
the ground truth, representing the closed agreement between
two variables. As shown in Fig. 11, the correlation shown
of 0.99/1.0 for the heart rate and 0.98/1.0 for the breath
rate represents that HealthDAR’s results are highly correlated
to that of the ground truth. This experimental validation
demonstrated that HealthDAR could monitor subjects’ vital
signs properly.

2) Performance of cough detection by SSPDL model: From
Fig. 12, we can easily find that when a person changed the
state from standing to coughing, his vital signs changed. The
first stage of our experimentation is cough detection, which
distinguishes cough events from non-cough events. Table V
presents the performance of cough detection using different
learning methods. It can be observed from Table V that
our proposed SSPDL network provides 1.000 accuracy, 1.000
recall, 1.000 precision, and 1.000 Fl-score. The achieved
precision by AlexNet and DenseNet-201 are 0.543 and 0.981,
respectively. Results show that the accuracy of the proposed
SSPDL model yields 49.7% and 1.4% improvement over
AlexNet and DenseNet-201. Each baseline and SSPDL model
were statistically significant at p<0.0001 (Wilcoxon signed-
rank tests [47]). The results prove that our proposed SSPDL
network is a preferable choice for cough detection.

3) Performance on new (unseen) people: In practice, high
false-alarm rates stem from the confusion of coughing with
similar motions, like ‘bending’; or some activities have a
similar pattern, like ‘sneezing’. To verify this, we performed
an additional experiment of cough detection on new (unseen)
people. All these new (unseen) people were required ‘casualty
pretending coughing’, e.g., performed ‘bending’ or ‘laughing

TABLE V: Comparison of different learning models.

OA Precision  Recall F1
SSPDL 1.000 1.000 1.000 1.000
AlexNet 0.503 0.543 0.500  0.519
DenseNet-201  0.986 0.981 0.991  0.986
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Fig. 13: Localization of multiple people. (a) Range-speed Map. (b) Range-time Map. (c) Azimuth Map.

loudly’. We compared our methods with i) Using signal
processing (SP) solely; ii) Using ResNet-18 solely. An EER
of 1.8% was gained with HealthDAR for cough detection.
The results showed that using the proposed SSPDL network
improves accuracy by 19.1 percents compared to using the SP
(EER = 20.90%). For the ResNet-18 case, an EER of 15.83%
was gained. There is an absolute reduction in EER of 14.03
percent, demonstrating that the proposed approach is robust
on the recognition errors. Two baselines and SSPDL were
statistically significant at p<0.0001. The OA of both networks
are significantly lower than that of SSPDL, which showed the
priority of our proposed method in cough detection.

4) Summary: HealthDAR could detect subjects’ vital signs
properly. We could achieve 100% cough recognition accuracy.
Even with new (unseen) people, HealthDAR is robust against
recognition errors.

B. Scenario 2: Tracking & Social Distancing

1) Performance of tracking: We can see from Fig. 13 (a)
that volunteer 1 is running at a speed of 2.5 m/s from 2.5
m to 5 m forward/away from the radar while volunteer 2
is standing and coughing at 6.25 m away from the radar.
Fig. 13 (b) presents volunteer 1 running in 20 s. Additionally,
from Fig. 13 (c), we correctly know his direction is 32°. Note
that distinguishing standing or coughing from Fig. 13 is hard.
However, by combing the SSPDL network we proposed in
Section II-D, we can easily recognize his activities. Hence,
with the help of HealthDAR, the average radial speeds, and
the directions are correctly estimated, which leads to a perfect
localization result.

2) Performance of social distancing: The social distance
between two subjects can be exactly evaluated by the range
and azimuth information as illustrated in Fig. 14. Firstly, the
location of two detected subjects can be calculated by the
Trigonometric functions, which is given by:

(%3 !

FMCW Radar

Fig. 14: An explanation for social distance.

be evaluated by the Euclidean distance between two subjects,
which is written as:

SD = /(w2 — 1) + (3 — 1)?
= \/(d2 sin 0y — dj sin 91)2+(d2 cos By — dq cos 91)2.

&)

Therefore, the social distance between two detected subjects
can be readily derived.

3) Summary: In conclusion, HealthDAR could track mul-
tiple people properly, and the social distance can be correctly
calculated.

C. Scenario 3: Preventive Measures

1) Performance of preventive measures recognition.: Se-
lected range-micro-Doppler maps of hand-washing and face-
touching in two uncontrolled environments are shown in
Fig. 15 and Fig. 16. One can see that the noise of the outdoor
environment is cleaner than that of the indoor environment,

(x1,9y1) = (d1sinby,dy cosby), (x2,y2) = (da sin b3, da cos 02) where the reflection of walls is illustrated in Fig. 16. To better

“)
where d; and 6; represent the distance and the azimuth
information between radar and subjectl, respectively. do and
0, represent the distance and the azimuth information between
radar and subject2, respectively. Hence, the social distance can

illustrate the ubiquitous ability of HealthDAR, no additional
SP is employed. We only used DL to extract features in these
spectrograms automatically. As shown in Fig. 17, for one per-
son, hand-washing and face-touching are correctly classified
with 100% by using ResNet-18 both indoors and outdoors.
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Fig. 15: Range-micro-Doppler map (outdoors).

ResNet-18 achieves the best performance in the HealthDAR
system (p<0.0001) compared with baseline models. Addition-
ally, for multiple people recognition, we also achieve 100%
OA, while the achieved OA by AlexNet and DenseNet-201 are
78.12%, and 86.51%, respectively. HealthDAR achieves 100%
OA on both face-touching and hand-washing in both indoor
and outdoor scenarios whether performed by one person or
multiple people, which means that our approach is robust
against the change of environment or the number of people.

2) Performance on new (unseen) people: We also tested
HealthDAR'’s performance on new (unseen) people, which is
shown in Fig. 18. We can observe that: 1) There is a drop
in OA for recognizing different preventive measures on new
(unseen) people. 2) The performance of outdoor scenarios
outperforms that of indoor scenarios no matter by one person
or multiple people. 3) The performance of face-touching
is higher than that of hand-washing no matter indoors or
outdoors. 4) The performance of recognizing multiple people’s
activities is lower than that of recognizing one person no
matter indoors or outdoors. Our explanation is as follows.
Firstly, outdoor performance is slightly higher than indoor
performance due to its clean background, where the reflection
of electromagnetic waves in the indoor scenario is much
stronger than outdoor scenario. Secondly, the OA of face-
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Fig. 16: Range-micro-Doppler map (indoors).

touching is slightly higher than that of hand-washing because
the patterns of face-touching are similar for each individual.
We consider that the diversity of training samples may increase
the recognition accuracy of new (unseen) people, and We
would consider leaving this as an open issue in the future.
3) Summary: HealthDAR achieves 100% OA on face-
touching and hand-washing in both indoor and outdoor sce-
narios whether performed by one person or multiple people,
which means that our approach is robust against the change
of environment or the number of people When tested on new
(unseen) people, although HealthDAR’s OA dropped by an
average of 3.85%, which still achieved stable performance.

V. CONCLUSION

In this paper, we introduced HealthDAR, a coin-size system
for remote health monitoring. We focused on the sensing
aspect of ISAC, with a particular emphasis on remote health
monitoring. We have devised a comprehensive sensing plat-
form that employs radar technology for high-precision sensing,
delivering crucial, reliable data for remote health monitoring.
This platform acts as a testbed to evaluate sensing efficacy. The
attractive attributes of HealthDAR are cost-effective and con-
tactless for massive deployment, which also have no privacy
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Fig. 17: Performance of one person and multiple people in
indoor and outdoor scenarios, respectively.

issues when applied to bedrooms or bathrooms, etc. Our exten-
sive evaluations have demonstrated the strong competence of
HealthDAR in vital signs monitoring, and small-scale activity
recognition in real-world scenarios.

There are several additional issues that we must consider in
our future work. Due to the limited memory of our FMCW
radar and the transmission rate of UART, the maximal number
of Chips per frame is 16. It could be updated, and more
Chirps can be saved and transmitted in a frame, which could
further enhance the resolution of range, speed, micro-Doppler,
heartbeat, and respiratory. Additionally, it should be noted that
a potential challenge is the acceptability of society for the
use of the proposed approach. A gradual adoption may be
suggested starting from smaller populations such as hospitals
or nursing homes to track symptom evolution or as part of
telemedicine and individual uses, then scaling it to higher
volumes. Our proposed system would enable remote diagnosis
and treatment monitoring of patients, thereby helping to reduce
direct contact with medical staff. Our proposed system would
also improve the health monitoring of people at home. Track-
ing data collected through such a system could also provide
valuable information. This work also has potential value in
applications involving personal identity verification, human-
machine interfaces, disability assistance, rehabilitation, and
biomedical engineering.
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