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Abstract—EXxercise training is a key component of respiratory rehabilitation.

Exercise monitoring and assessment have shown to be beneficial and have
significant improvement in the outcome of exercise training. In this paper, we
propose a non-invasive exercise monitoring and assessment system (EMAS) to
home-based respiratory rehabilitation exercises. EMAS exploits multi-band
microwave sensing technique to monitor in real-time the patient’s rehabilitation
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exercise training, and synchronously provide an online visual feedback for helping
the patient better training. Then EMAS extracts exercise information (duration,
intensity and breathing changes) from all exercise data to assess the quality of rehabilitation exercise. We implement
EMAS on the designed compact and portable prototypes and deploy it to monitor 4 subjects, resulting in one week of
exercise data in total. System evaluations demonstrate that EMAS can accurately monitor rehabilitation exercises of
each subject and obtain the exercise duration, exercise intensity and breathing changes during rehabilitation

exercises to achieve exercise assessment.

Index Terms—Exercise monitoring, respiratory rehabilitation, home therapy, multi-band microwave sensing

I. Introduction

RESPIRATORY rehabilitation, also called pulmonary
rehabilitation, is an evidence-based, multidisciplinary,
conventional and comprehensive intervention for patients with
chronic respiratory diseases. Respiratory rehabilitation is the
use of exercise, education, and behavioral intervention to
improve the physical and psychological condition of people
with chronic respiratory diseases [1]. Numerous studies on
evidence-based medicine have shown that pulmonary
rehabilitation centered on exercise therapy is beneficial to
patients with respiratory diseases. The benefits include
significantly improved exercise endurance [2], enhanced
respiratory muscle function and reduced dyspnea [3], improved
health-related quality of life [4], and relieved disease-related
anxiety and depression [5]. Thus, early intervention and
continuous availability of pulmonary rehabilitation services are
crucial for patients with respiratory diseases. On the other hand,
the current global pandemic of coronavirus disease 2019
(COVID-19) is a serious respiratory disease, which can cause
lung damage and breathing problems. The most commonly
reported symptoms of patients with COVID-19 infection
involve the respiratory tract. Such clinical respiratory
symptoms include fever, cough, fatigue and dyspnea, and some
severe patients gradually develop crippling symptoms like
respiratory failure, septic shock, and/or multiple organ
dysfunction/failure [6-8]. Pulmonary rehabilitation may relive
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the symptoms associated with COVID-19, increase the
cardiopulmonary endurance, and improve physical and mental
health, which is favorable for patients to recovery and return to
society.

Exercise training is the most important component of
pulmonary rehabilitation and is significant for the marked
improve lung function. Monitoring exercise training not only
helps patients keep track of their physical healthy condition, but
also allows doctors to have a clear view of their patient’s
rehabilitation progress and to carry on reasonable instruction.
At present, most patients need the specialized physiotherapist
to assist with rehabilitation exercise training, thereby increasing
cost of treatment for the patient and heavy workload for the
specialized physiotherapist. To solve this problem, many
methods have been proposed to monitor rehabilitation exercises,
mainly including sensor-based, vision-based, and RF-based.

Sensor-based rehabilitation exercise monitoring. Inertial
measurement units (IMU) are the sensor most commonly used
in this category. The IMU measures acceleration, angular
velocity, and magnetic field strength using a combination of
accelerometers, gyroscopes, and magnetometers [9]. Using
IMU for monitoring rehabilitation exercise has attracted much
research attention and has gained many achievements. Inertial
sensor is used to monitor and evaluate rehabilitation exercises
for shoulder [10, 11], upper limb [12, 13], and lower limb
exercises [14]. These works demonstrated the feasibility of
using inertial sensor for rehabilitation exercise monitoring and
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recognition. In addition, other kinds of sensors are also used
to monitor and improve rehabilitation exercises. For example,
electromyography (EMG) sensor can provide significant
motion-related information for rehabilitation exercises [15].
However, these methods require users to wear sensors, making
their life inconvenient, and it is unfriendly for the disabled and
the elderly to wear sensors. Moreover, such methods also fail to
provide visual feedback to users.

Vision-based rehabilitation exercise monitoring. Kinect, due
to its low-cost and convenient operation, is widely used for
monitoring rehabilitation exercises. Kinect is a composite
device that contains an infrared (IR) projector, an IR camera
and a color (RGB) camera [16]. Some studies have validated
the capability of Kinect as a marker-less motion tracking device
for rehabilitation exercises monitoring [17-20]. These systems
capture the user’s motions using the Kinect and provide a visual
feedback during exercise sessions. Nevertheless, the occlusion
problem and limited sensing range limit the application of
vision-based methods in rehabilitation exercises.

RF-based rehabilitation exercise monitoring. With the fast
development of wireless communication, radiofrequency (RF)-
based methods are becoming a promising alternative of human
motion sensing. Since the method is not susceptible to the light
and temperature and privacy-friendly without physical contacts
and leaking the person’s appearance and sound, many RF-based
human motion sensing methods have been proposed. For
example, RF-Wri [21] recognizes the air-written letters using
the USRP-B210 hardware. RF-Pose3D [22] leverages custom-
designed Frequency Modulated Carrier Wave (FMCW) to track
3D human skeletons and their movements. Soli [23] is designed
for fine-grained hand gestures recognition and tracking based
on millimeter-wave (mmWave) radar. Due to the need for
specialized hardware, these methods have significant
limitations. In comparison, WiFi-based sensing method is an
emerging potential solution for human motion sensing due to
the ubiquitous nature of WiFi in everyday life. WiFi-based
human motion sensing has made great effort focusing on
several application areas such as indoor localization [24, 25],
activity recognition [26-28], fine-grained motion sensing [29,
30], health monitoring [31-33]. Some recent studies have
further confirmed that WiFi-based human motion sensing
method has promising applications in recognizing daily
activities. For instance, the authors in [34] presented a
multimodal fusion-AdaBoost based human activity recognition
scheme to recognize six common daily activities (walking,
running, sitting, lying, standing, and falling) using WiFi signals.
The work [35] proposed a Multilayer Bi-directional Long
Short-Term Memory framework for contactless real-time
activity detection by exploiting WiFi Channel State Information
data. The researchers in [36] designed an Augment Few Shot
Learning-based Human Activity Recognition (AFSL-HAR)
system based on WiFi Channel State Information.

Although previous researches by WiFi-based sensing method
have achieved great achievements, few efforts have been made
on rehabilitation exercise monitoring, a noteworthy field.
Moreover, in the context of COVID-19, Home-based
respiratory rehabilitation exercises are conducive to recover
physical health for discharged patients with COVID-19.
Motivated by these findings, our work turns to rehabilitation

exercise monitoring based on WiFi sensing. WiFi-based
sensing method can be well applied in rehabilitation exercise
monitoring because of its low cost, unobtrusive characteristics
and robust sensing capabilities.
In this paper, we propose an exercise monitoring and
assessment system, named EMAS, to monitor in real-time and
assess home-based respiratory rehabilitation exercise training
using WiFi-based multi-band microwave sensing technique.
EMAS works in a non-invasive manner without any body
contact. We first exploit multi-band microwave sensing
technique to monitor the exercise training in pulmonary
rehabilitation and collect the corresponding data. Meanwhile,
these data are preprocessed and synchronously displayed in a
graphical form, provided a visual feedback for the patient to
help the patient better training. Next, all collected data need to
go through further analyzing to extract useful information. We
then assess this information and feedback the results to the
patient and doctors. By experimental verification, EMAS can
not only accurately monitor patients’ exercise training but also
extract exercise information to assess the effect of rehabilitation
training.
It is important to note that this paper does not introduce a new
rehabilitation exercise training, but proposes a new solution for
non-contact monitoring and assessment rehabilitation exercise
training using multi-band microwave sensing technique. The
system components involved in this study have already proved
to be able to accurately and reliably monitor and evaluate
rehabilitation exercise training.
In summary, the main contributions of this paper are as
follows:
® A non-contact exercise monitoring and assessment system
(EMAS) is proposed, which not only can monitor patient
performance in real-time but also can provide exercise
assessment to understand the patient’s rehabilitation effect.

® A real-time visual feedback is presented for patients’
home-based rehabilitation exercise training without
violating the patient's privacy, so as to help them better
complete exercise training.

® A compact and portable prototype of EMAS is designed

and we conduct extensive experiments using it. Results
illustrate that EMAS is effective for monitoring and
assessment the quality of home-based rehabilitation
exercise training.

The rest of the paper is organized as follows. Section II
introduces the preliminaries of multi-band microwave sensing
technique. Section III introduces the taxonomy of rehabilitation
exercises and the overall workflow of EMAS, and Section IV
describes the detail system design. Section V presents the
experimental evaluation of EMAS. Finally, Section VI
concludes the paper.

Il. PRELIMINARIES

In this section, we introduce the technical background of
multi-band microwave sensing technique, including the
wireless channel information (WCI) and the impact of human
motion on the variations of WCI from the mathematical point
of view.



A. Wireless Channel Information

EMAS uses multi-band microwave sensing technique that
operates at S-band and C-band. The technique combines
Orthogonal Frequency Division Multiplexing (OFDM) and
multiple-input multiple-output (MIMO). The multi-band
microwave sensing technique continuously monitors wireless
channel variations using wireless channel information. The
WCI uses the channel frequency response (CFR) to describe
channel characteristics. Let X (f,t) be the frequency domain

representations of transmitted signals, thus the received signals
are expressed as

Y(f,0)=H(f,H)xX(f,1) 1)

where H(f,t) is the complex-valued CFR at frequency f and

time ¢ If the wireless link has N; and N, transmitting and
receiving antennas respectively, and for each pair of
transmitting and receiving antenna WCI is measured on 30
selected OFDM subcarriers, so each WCI measurement is a
struct with dimensions N, x N, x 30. Each term in the struct is
a CFR value between a pair of antennas at a certain subcarrier
frequency at a particular time. The CFR value is also called as

the WCI value.
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Fig. 1. Multipath propagation.

B. Wireless Channel Analysis

In indoor environments, wireless signals arrive at the receiver
from the transmitter through multiple paths including the line
of sight (LoS) path, static paths reflected by surrounding objects
and dynamic paths reflected by human motion, as illustrated in
Fig. 1. Assuming a wireless signal arrives at the received
antenna of a given antenna pair through N different paths, then
H(f,t) is generally modeled as

H(f,t):iai(f,t)eﬂnfq(t) @)
i=1

where a (f,t) is the complex amplitude of the /™ path,

—j2xfr(t

e ) is the phase shift of the i path on the propagation

delay 7;(t). Actually, the wireless channel information has

non-negligible phase shift because of the imperfect

synchronization between the transmitter and receiver in
analog/digital domains. So H(f,t) is written as

N
H(f,t):e‘jg(t)zai(f,t)eijHf‘ri(l) (3)

i=1

where e7?® denotes the phase shift caused by symbol timing
offset (STO), sampling frequency offset (SFO), -carrier
frequency offset (CFO), and carrier phase offset (CPO) [37].
Human motion can lead to the changes in the propagation
path. As shown in Fig. 2(a), when the human body moves a
small distance from time 0 to time ¢, the propagation distance
of the i path reflected by the human body changes from d;(0)

to d,(t) . The propagation delay is the function of the
propagation distance: 7, (t) = d. (t)/c, where c is the velocity of
electromagnetic wave propagation in free space and d, (t) is the
propagation distance of the i" path. The relationship between

the wavelength and the frequency of an electromagnetic is

given as A=c/f . Thus, € """ can be written as

e 1274 When the human body is within range of the
wireless signal, the propagation path can be regarded as a sum
of static multipath components and dynamic multipath
components as shown in Fig. 2(a). Let P, and P, be the set of
static paths and dynamic paths respectively, then H(f,t) is
further expressed as

j2nd, _J2xd (1)

H(f.)=e "% a(fle * +>a(f.e * ) (4

lePy kePy

2e PO (H, (1) +Hy (1)

here, H(f) is the sum of CFR for static multipath
components, H,(f,t) is the sum of CFR for dynamic multipath

components whose distance change with human movements.
The total CFR H(f,t) is time-varying because it is the linear

superposition of a constant vector H_(f) and a dynamic vector

with time-varying phases and amplitudes, as shown in Fig. 2(b).
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Fig. 2. Signal variation caused by human motion.



The raw phase information is randomly distributed and not
available due to influence of the random phase shift e *® | but
the CFR power ||-| (f ,t)|2 is not affected by the phase shift, and

can retain the changes of the received signal caused by human
motion, the reason is as follows

H(FOF =[e O (H,(F)+Hy (F.0)

_i2nd, ]

=H,(H)+> a(fe *

kePy

=[H,(D) + Y [a (f.0)f

kePy

+Z Z‘Hs(f)ak(flt)‘COS(%ﬁ_ﬁkj

kePy

(5)

where |H(f,t)|2 represents the instantaneous CFR power at

time ¢ ¢, is constant value representing initial phase shift

between the static signal and the dynamic signal. Equation (5)
provides two key points: 1) the CFR power can be used to sense
human motion, which varies with the propagation distance of
the reflected signal caused by human motion; 2) the time series
CFR power goes up and down like a sinusoidal wave when the
reflected path is changed by human motion. When the
propagation distance of the reflected signal changes by A, the
CFR power yields a cycle of cosine wave, and when the
variation of the propagation distance is less than A, the CFR
power corresponds to a fragment of cosine wave cycle.

For these reasons, the amplitude information (the square root
of the CFR power) is used to monitor human motion.
Specifically, each received WCI value contains the amplitude
and phase information of a single subcarrier

H(f 1) =[H(f,t)[e (6)

where ||H(fi,t)|| and /H(f,t) are the amplitude information

and phase information of the i subcarrier, respectively.

I1l. OVERVIEW

This section introduces the taxonomy of the selected
rehabilitation exercises and the overall workflow of EMAS.

A. Taxonomy of Rehabilitation Exercises

Based on pulmonary rehabilitation guidelines for patients
with  respiratory  diseases, pulmonary rehabilitation
recommendations mostly include aerobic exercise, strength
training, and breathing exercises [38, 39]. Therefore, in this
paper we choose three kinds of rehabilitation exercise: aerobic
exercise, strength training and breathing exercises, and these
exercises we select that is easy to do at home and can be done
independently. Concretely, aerobic exercise includes brisk
walking and stair climbing, strength training includes dumbbell
front raise and dumbbell lateral raise, and breathing exercises
include abdominal breathing (also called diaphragmatic

breathing or belly breathing) and pursed-lip breathing, their
motion diagram are given in Fig. 3.

4
o
fast walking stair climbing
(a) aerobic exercises
4

dumbbell front raise dumbbell lateral raise
(b) strength training

Exhale

Inhale

B 123
% Inhale

1,2,345,6

A

B ﬁxhale

abdominal breathing training  pursed-lip breathing training

(c) breathing exercises

Fig. 3. The motion diagram of (a) aerobic exercises, (b) strength
training, and (c) breathing exercises.

1) Aerobic Exercises

Brisk walking and stair climbing are simple and available
aerobic exercises and easy to fit into our daily routine. For
aerobic exercise, the exercise program starts from a low
intensity and gradually increasing the intensity and duration,
20-30 min each time, 3-5 times a week [38]. The patient can
perform exercise program at the right intensity based on his or
her own physical conditions. In this paper, we propose a 30-
minute exercise program of brisk walking and a 30-minute
exercise program of stair climbing, as Fig. 4 shows.

brisk walking

—_— .
<<« +1minrest
5min

30 min program =5 cycles x

stair climbing

30 min program = 5 cycles % + 1 min rest

5 min

Fig. 4. Schematic representation of a brisk-walking exercise program
and a stair-climbing exercise program.



2) Strength Training

Strength training is a valuable adjunct to dynamic exercise
rehabilitation. Using sandbags, dumbbells, elastic bands or
bottled water do resistance training to increase strength. The
dumbbell front raise and the dumbbell lateral raise are simple
and fundamental strength training. Progressive resistance
training is recommended for strength training, with 15-20
movements each set with 1-2 sets each time for 3-5 times per
week [39]. In accordance with this principle, we design an
exercise program for strength training, as shown in Fig. 5.

front raise lateral raise

(] ®
=2 sets x ﬂ+ rest + H + rest

Fig. 5. Schematic representation of a strength-training exercise
program.

Exercise
program

3) Breathing Exercises

Breathing exercises can improve pulmonary function and
improve breathing efficiency. Abdominal breathing and pursed-
lip breathing are popular forms of breathing exercises.
Abdominal breathing (also called diaphragmatic breathing or
belly breathing) is a type of breathing exercises that helps
strengthen your diaphragm, a very important muscle that
encourages full oxygen exchange [40]. Pursed-lip breathing is
a breathing technique that allows the control of oxygenation and
ventilation. The technique requires an individual to inspire
through the nose and exhale through the mouth at a slow
controlled flow [41]. Breathing exercises should be practice
multiple times a day with 5-10 minutes each time, and patients
adjust the intensity based on their own condition.

B. System Overview

Exercise information extraction
(duration, intensity, breathing changes)
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Fig. 6. System Overview.
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EMAS exploits multi-band microwave sensing that its core
idea is to sense human body movements through capturing
wireless signals of surrounding environment. The architecture
of EMAS is illustrated in Fig. 6. It mainly consists of three
modules: Data Collection, Exercise Monitoring, and Exercise
Assessment. The Data Collection module collects wireless
signals using the designed compact and portable prototype. The
Exercise Monitoring module includes preprocessing, signal
enhancement and visual feedback for the patient. We use the
Hampel identifier for preprocessing and combines subcarriers
in an optimal way using Maximal Ratio Combining (MRC).
After that, the data of each exercise are displayed in real time
to provide visual feedback for the patient. The Exercise
Assessment module includes exercise information extraction
and assessment result, and these results are used to measure the
effect of rehabilitation exercise training and are fed back to the
patient and doctors.

IV. SYSTEM DESIGN

This section details the design of EMAS and highlights the
key techniques behind the rehabilitation exercise monitoring
and assessment.

A. Data Collection

The EMAS collects WCI measurements using a pair of
compact and portable prototypes with size 127 mm x 200 mm
x 75 mm, as shown in Fig. 7. The transmitter is equipped with
one antenna and the receiver has three antennas. For each pair
of transmitting and receiving antenna, WCI can be acquired
from 30 OFDM subcarriers. So each WCI measurement
contains a total of 1x3x30 WCI values. When the sampling
rate is 50 Hz, there are 90x50 WCI values in one second. We
then extract the amplitude information from these WCI values.
In this paper, EMAS takes as input time-series WCI amplitude
measurements.
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Fig. 7. The prototype of EMAS.

B. Exercise Monitoring

Due to the influence of environmental noise, there are some
outliers of amplitude information in the collected WCI
measurements. To improve system accuracy, these outliers
must be eliminated. We apply the Hampel identifier [42] at each
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Fig. 9. Example of MRC method for optimal subcarrier combining. (a) raw breathing signal with different SNRs, (b) breathing signal after removing
outliers by the Hampel filter, (c) breathing signal after using MRC.

subcarrier to detect and remove outliers. The Hampel identifier
is a variation of the three-sigma rule, which uses the median and
median absolute deviation to identify effectively the outliers.

To enhance the motion features at the maximum level, we
propose a novel method based on Maximal Ratio Combining
(MRC) to combine optimally all subcarriers. MRC is a diversity
combining technique in telecommunications that maximizes
SNR by combining signals from each branch or channel [43].
MRC is applicable to subcarrier combination by regarding WCI
amplitudes of 90 subcarriers from three receiving antennas as
the receiving diversity. The method of applying MRC for
optimal subcarrier combining is shown in Fig. 8. Here we take
respiratory signals as an example to illustrate the superiority of
the proposed MRC-based method. The reason is that minute
respiratory motions are easily overwhelmed in noise compared
to other rehabilitation exercise motions.

,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,

1| Amplitude Outlier SNR
I g - . ™ ™ . .
/Y information removal estimation
! |Subcarrier 1)
Y| Received /L Amplitude Outlier SNR
Y, Signal } information removal estimation
| |Subcarrier 2|
‘ Amplitude N Outlier SNR
} information removal estimation

Fig. 8. The diagram of applylng MRC for optimal subcarrier combining.

For the received breathing signal, the WCI amplitude of each
subcarrier is a combination of breathing signal and noise. The
SNR of each subcarrier is different because different
subcarriers have different sensitivity to chest and abdominal
movement caused by breathing, which is reflected in the
respiration waveform are the respiratory movement causes
different extents of signal fluctuation on different subcarriers,
as illustrated in Fig. 9(a).

MRC can combine subcarriers with different SNR by
providing the weight of each subcarrier, and the weight ratio of
each subcarrier is equal to the channel gain ratio of its
subcarriers. The channel gain of each subcarrier is proportional

to the SNR in that subcarrier. In other words, the larger the SNR,

the greater the weight, and hence more contribution to the

combined signal. Therefore, we first compute the SNR of each
subcarrier. For received signals, breathing signal and noise
cannot be separated directly, thus we utilize the power spectral
density (PSD) to estimate SNR. More concretely, we estimate
SNR by the ration of signal energy within the range of normal
respiratory rate to signal energy beyond normal respiratory rate.
Then the weight of each subcarrier can be calculated according
to the SNR using MRC method. We multiply each subcarrier
by its corresponding weight and add them to combine all
subcarriers. In this way, the combined signal with maximum
SNR can be obtained by using MRC.

Fig. 9 depicts an illustrative example of MRC method for
breathing signal maximization based on real-world
measurements. Subcarrier (SC) #12 has the highest SNR
compared to other subcarriers, which contributes the most to the
combined signal, while subcarrier #30 with minimum SNR
makes contributes the least to the combined signal. Other
subcarriers also make corresponding contribution to the final
combined signal. As shown in Fig. 9(c), all subcarriers are
combined into one. We can see from this figure that MRC
largely enhances the respiratory signal and the respiration
waveform by using MRC is consistent with the ground truth
from the respiratory sensor.
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Fig. 10. Comparison of respiratory signal using four different methods.
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We compare four different methods of signal enhancement:
selecting the best subcarrier with the highest variance, the
ensemble average over all subcarriers, selecting the best
subcarrier with the highest SNR, and MRC. The result of
comparison is shown in Fig. 10. As seen, no matter what
selection criteria is used, any single subcarrier is not the optimal
estimation. The respiratory signals on different subcarriers
cannot be averaged directly, which may cancel respiratory
signals. MRC considers the SNR on different subcarriers, and
the combined respiration waveform by MRC has a better effect
than the other methods.

For the amplitude information of each exercise training, we
obtain the clear and genuine waveforms after outlier removal
and MRC method. We implement a real-time processing
program using Qt Creator to display the waveforms directly
output, as shown in Fig.11. The visualized graphic display can
provide a visual feedback for the patient.

In the rehabilitation exercise training, the activity of the
patient is continuous, and different human activities have
different disturbance effects on the wireless signal so that the
received waveforms are different. Based on these observations,
we propose an activity segmentation method based on state
transition difference, which uses amplitude variance change to
segment automatically all processes of rehabilitation exercise
training in the continuously collected WCI measurements.

C. Exercise Assessment

The exercise assessment aims to characterize the quality of
rehabilitation exercises and provides feedbacks to the patient
and doctors. In order to measure the quality, we first extract
valuable information from each rehabilitation exercise and then
analyze the changes in rehabilitation exercise by integrating this
information. Specifically, we assess the quality of rehabilitation
exercise by focusing on its duration, intensity, and breathing
changes.

1) Duration

Duration is how long a person performs an exercise session.
The duration of exercise is an essential factor affecting the
effect of rehabilitation training. Hence extracting exercise
duration from collected wireless signals is crucial to assess the
quality of rehabilitation training. We first calculate the time of
each conducted exercise from collected WCI measurements.

We then add these times together to get the duration of a
rehabilitation exercise training. By combining the duration of
each rehabilitation training in chronological order, the changing
trend of duration can be obtained.

2) Intensity

Exercise intensity depicts how hard a person's body is
working during exercise, which is another important factor for
evaluating the quality of rehabilitation exercises. So it is
significant for tracking the patient’s rehabilitation process to
extract exercise intensity from received WCI measurements. In
this paper, for aerobic exercise we propose speed to
characterize exercise intensity, and for strength training we use
the number of repetitions of the movements to describe exercise
intensity. Comparing the variation of exercise intensity over
time can keep better track the patient’s exercise status.

3) Breathing Changes

Breathing Changes are mainly in view of breathing exercises
and refer to changes in respiratory rate and depth. The control
of breathing depth and rate is an effective strategy for restoring
and enhancing respiratory function. In breathing exercises, we
consciously alter our breathing rate and depth but do not know
what the changes are. If the breathing changes are known, the
patient can better perform breathing exercises. Hence, we need
to acquire respiratory rate and depth from the measured
respiration waveforms. Specifically, let T; and T, denote the
inspiratory time and the expiratory time respectively, then the
instantaneous respiratory rate (IRR) is expressed as

1
T +T

i e

IRR =

(Unit: Hz) (7)

Let A, and A, represent the amplitude value of the crest and
the trough in respiration waveforms respectively, then the
change of respiratory depth (CRD) is denoted as

CRD=A, -A (8)



V. EVALUATION

In this section, we conduct extensive experiments and
evaluate the performance of EMAS in monitoring and assessing
rehabilitation exercise training.

A. Experiment Setup

We implement EMAS using the designed compact and
portable prototype, which are equipped with off-the-shelf
network adapter and built-in batteries for rapid real-world
deployment. The prototype run Linux with the 4.8.2 kernel. Our
system consists of two prototypes, one as the transmitter and
the other as the receiver. Both operate at 5.32 GHz band with a
bandwidth of 20 MHz. The transmitter sends data packets at a
rate of 50 Hz and the receiver captures theses data packets.
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Fig. 12. Experiment settings for rehabilitation exercise monitoring.

We carry out experiments by deploying EMAS in a
conference room and the stairs next to it, as depicted in Fig.12.
We consider different settings by placing the transmitter and
receiver at different locations during diverse rehabilitation
exercises. In brisk walking, the transmitter and receiver are 5 m
apart, and the height of them is 0.7 m. In stair climbing, the
transmitter and receiver are separated by 11 stair-steps, with a
height of 0.7 m. In strength training, the distance between the
transmitter and receiver is also 5 m, and the height is 1.2 m. In
breathing exercises, the transmitter and receiver are placed
roughly 2 m apart, and their height is parallel to the abdomen.
We collect one week of exercise data from four subjects aged
from 23 to 28, of which two are female, and two are male. Each
subject signs an informed consent before participating. All
subjects are asked to carry out rehabilitation exercises with five
times during one week. A complete rehabilitation exercise
program includes three things: aerobic exercise (a 30-minute
exercise program of brisk walking or a 30-minute exercise
program of stair climbing), strength training (front raise and

lateral raise), and breathing exercises (abdominal breathing and
pursed-lip breathing).

To obtain the ground truth, videos are taken to
simultaneously record the experiments in aerobic exercise and
strength training and a contact respiratory sensor is used to
collect respiratory data simultaneously in breathing exercises.
The respiratory sensor (HKH-11C) utilize the piezoelectric
effort to measure the movement of abdomen due to breathing.
Its sampling rate is 50 Hz, same as EMAS.

B. Evaluation

1) Evaluation on Exercise Monitoring

We evaluate the performance of EMAS for exercise
monitoring by comparing its results with the ground truth.

For aerobic exercise, one male subject and one female
subject are asked to carry out the 30-minute exercise program
of brisk walking, and another male and female are asked to
carry out the 30-minute exercise program of stair climbing.
Brisk walking requires the subject walk back and forth as fast
as possible in a Sm-long straight. Stair climbing asks the subject
to walk up and down a flight of stairs with 11 steps.

Fig. 13(a) shows a fragment of the monitoring result when a
subject performed a 30-minute exercise program of brisk
walking. Comparing the waveform of brisk walking with
corresponding video streams, we observe that the waveform
generates the change of ellipse labeling in Fig. 13(a) when the
subject took a brisk walk back and forth. Further comparison
shows that there are a few seconds to prepare before beginning
exercise because the subject has to press the “Start” button on
the receiver. We can also see that the amplitude fluctuations
caused by limb movements during the preparation and during
the break is much smaller than the amplitude fluctuations
caused by whole body movements during brisk walking.
Therefore, we employ the proposed activity segmentation
method based on state transition difference to detect easily the
process of brisk walking from all the collected measurements.
We then use the peak detection algorithm to detect the number
of walking laps by setting the appropriate thresholds. Due to the
amplitude difference of different subjects, the normalization is
carried out before using the peak detection algorithm. In Fig.
13(a), the subject walked 43.5 laps during first five-minute
brisk walking and then rested for about a minute, which is a
cycle. The 30-minute exercise program of brisk walking
includes five such cycles.

Fig. 13(b) shows the 7-min amplitude measurements
extracted from a subject’s 30-minute exercise program of stair
climbing. Compared with the videos, when the subject climbed
stairs one time, the waveform of stair climbing produced the
change of ellipse labeling in Fig. 13(b), which is obviously
different from the waveform change of brisk walking.
Comparison of the result of stair climbing and brisk walking
indicates that the waveforms of the two kind of exercise were
obviously different and difference in velocity between the two.
As can be seen from Fig. 13(Db), the subject walked up and down
stairs 26 times during five-minute stair climbing, much less
than brisk walking.
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Fig. 14. A set of the monitoring result when a subject performed exercise program of strength training.

For strength training, we ask subjects to choose a set of
weight dumbbells that suited themselves and complete the
designed exercise program of strength training. Here we also
use the activity segmentation method based on state transition
difference to segment the strength training processes and the
peak detection algorithm to detect the number of repetitions of
the movements by setting the appropriate thresholds. Fig. 14
shows one set of the monitoring result from a subject’s exercise
program of strength training. Compared with the video streams,

the waveform changes caused by front raise and lateral raise
were different, and this set of strength training contained 10
reps of front raise, 10 reps of lateral raise, and 2 short breaks. It
is evident from Fig. 14 that the amplitude fluctuations caused
by repetitive movements have good repeatability and the
amplitude fluctuations caused by different movements have
obvious difference. The result shows that EMAS could
precisely monitor the proposed aerobic exercises and strength
training.
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For breathing exercises, the subject needs doing abdominal
breathing and pursed-lip breathing. Abdominal breathing
requires a person to breathe in slowly through the nose and feel
the abdomen rise, and then breathe out slowly through the
mouth and let the abdomen fall downward, making breath slow,
deep and regular. Pursed-lip breathing requires a person to
inspire through the nose with the mouth closed and exhale
through lips having a pursed appearance at a slow controlled
flow, breathe out for twice as long as breathe in. During the
experiments, the subject is asked to sit on a chair quietly, and
place one hand on chest and one on abdomen.

We evaluate the respiratory monitoring accuracy of EMAS
by comparing EMAS with the respiratory sensor. The
respiratory sensor is attached to the subject’s abdomen as the
ground truth. The normalized wireless signals and respiratory
sensor signals are shown in Fig. 15. Note that the wireless
signals are filtered by using the Hampel identifier and MRC
method. We can see from Fig. 15 that for abdominal breathing
and pursed-lip breathing EMAS-detected signals gives the good
correlation to the respiratory sensor-detected one. The result
demonstrates EMAS as a non-contact method has ability to
precisely monitoring the respiratory movements.

— Wireless Signal
Respiratory Sensor Signal

Amplitude

0 10 20 30 40 50 60

— Wireless Signal

Respiratory Sensor Signal

Amplitude

0 10 20 30 40 50 60

Fig. 15. The normalized wireless signals and respiratory sensor signals
of (a) abdominal breathing and (b) pursed-lip breathing.

2) Evaluation on Exercise Assessment

To evaluate the effectiveness of EMAS for exercise
assessment, we analyze the exercise data of four subjects for a
week form the perspectives of duration, intensity and breathing
changes.

Exercise duration can be calculated using the received WCI
data packets. Each received packet includes a timestamp. For a
complete rehabilitation exercise program, we first calculate the
duration of aerobic exercise, strength training and breathing
exercises separately based on the timestamps of the
corresponding packets, and then add these three durations to
acquire the duration of the rehabilitation exercise. Fig. 16
depicts that the duration of a subject’s rehabilitation exercise
five times in one week, including the duration of various
exercise programs and the overall duration of rehabilitation

exercise. It can be seen that the overall duration of each
rehabilitation exercise is nearly constant at about one hour.

: :
I duration of aerobic exercise
[ duration of strength training
[""lduration of breathing exercises
—%— overall duration
60r 179 178 20.3 174
56.9 57.1 57.4 983
< 50 1
3
.5 40 o 7.8 7-4 6_8 . -
©
3
a gl ,
20 - 1
10 | 1
0
Monday Tuesday Wednesday Thursday Friday

Fig. 16. The duration of a subject’s rehabilitation exercise in one week.
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Fig. 17. Number of repetitions per strength training in one week.

Exercise intensity is an important indicator for assessment of
aerobic exercise and strength training. In this paper, exercise
intensity is measured by brisk-walking speed in brisk walking,
stair-climbing speed in stair climbing, and the number of
repetitions of the movements in strength training. We first
estimate the distance of brisk walking by multiplying the
number of walking laps by 10 m (the distance of a lap is
considered as 10 m) and then calculate the time by the
timestamp corresponding to the process of brisk walking, to get
the brisk-walking speed. We also use the same approach to get
the stair-climbing speed (One time of walking up and down the
stairs is 22 steps with a step height of 15 cm). The brisk-walking
speed and the stair-climbing speed of all subjects for one week
are summarized in Table I. It can be seen form Table I that: 1)
each subject’s speed is basically stable during aerobic exercise
in a week; 2) Men walk faster than women during the brisk
walking and stair climbing; 3) the speed and intensity selected
by these subjects meets recommendations for moderate
intensity exercise according to the current studies [44, 45].



11

TABLE |
BRISK-WALKING SPEED AND STAIR-CLIMBING SPEED OF ALL SUBJECTS

Brisk-walking Speed (m - s~%)

Stair-climbing Speed (m - s™1)

Day 1 Day 2 Day 3 Day 4

Day 5 Day 1 Day 2 Day 3 Day 4 Day 5

Subject 1(Male) 1.59 1.54 1.53 1.56
Subject 2(Female) 1.46 1.36 1.42 1.46
Subject 3(Male) / / / /

Subject 4(Female) / / / /

157 / / / / /

1.47 / / / / /
/ 0.31 0.29 0.30 0.31 0.32
/ 0.28 0.25 0.24 0.26 0.27

Furthermore, we extract the number of repetitions of the
movements per strength training to characterize the strength
training intensity, as shown in Fig. 17. The observation we can
make from this figure is that all subjects’ exercise intensity
shows an upward trend with the increase of exercise times. Note
that the intensity of strength training is also related to by
dumbbell weights. Dumbbell weight used by each subject is
unchanging during this week of strength training.

IRR and CRD are used to describe breathing changes during
breathing exercises in this paper. We use an improved peak
detection algorithm to pinpoint the crests and the troughs of
respiratory waveforms. Two key improvements to the
algorithm are: 1) set a threshold on the minimum distance
between two consecutive peaks according to human respiratory
rate; 2) the amplitude change between the wave trough and its
subsequent 25th interval point (equivalent to 0.5 s) should be
greater than 1 dB in pursed-lip breathing. Fig. 18 shows the
detection results of a subject’s abdominal breathing and pursed-
lip breathing using the improved peak detection algorithm,
which indicates that using this algorithm can accurately identify
the crests and the troughs of respiratory waveforms in in two
types of breathing exercises. We then calculate IRR and CRD
from the detected crests and troughs. As shown in Fig. 18(a),
for abdominal breathing we compute the inspiratory time T; of
2.78 s, the expiratory time T, of 2.80 s in a respiratory cycle
based on the detected crests and troughs, thus obtaining IRR of
0.18 Hz. And in this respiratory cycle CRD for inspiration and
expiration are 3.30 dB and 3.40 dB. Overall, the average
respiratory rate is 0.17 Hz, the change of respiratory depth is
about 3 to 4 dB, and the inspiration-to-expiration ratio (I: E) is
1:1. Similarly, from Fig. 18(b) in pursed-lip breathing the
inspiratory time T; and the expiratory time T, of a respiratory
cycle is 1.90 s and 3.72 s, thus IRR is calculated as 0.18 Hz.
And CRD of inspiration and expiration are 4.37 dB and 5.28 dB
respectively in this respiratory cycle. As a whole, for pursed-lip
breathing the average respiratory rate is 0.16 Hz, the change of
respiratory depth is about 3 to 5 dB, and I: E is 1:2.

We use the above approaches to extract exercise information
of all subjects and further assess this information, and the
assessment results are fed back to all subjects. Note that all
participant in the experiment are healthy subjects. The proposed
EMAS would undergo extensive clinical trials on real patients
with respiratory diseases in future work, making it available to
the patients for home-based respiratory rehabilitation.
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Fig. 18. Breathing changes extracted from a subject’'s (a) abdominal
breathing and (b) pursed-lip breathing.

VI. CONCLUSION

In this paper, we present the design, implementation, and
evaluation of EMAS, a non-contact exercise monitoring and
assessment system using WiFi-based multi-band microwave
sensing technique. The key novelty of EMAS is to monitor in
real-time and assess accurately home-based exercise training
for respiratory rehabilitation using ubiquitous WiFi signals.
EMAS can not only provide an online visual feedback during
the execution of exercise training, but also extract exercise
duration, exercise intensity and breathing changes to assess the
performance of rehabilitation exercise training. To achieve this,
a series of signal processing techniques are proposed to obtain
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optimal waveforms and extract from it useful exercise
information. In addition, the designed prototype of EMAS is
compact, portable, low-cost and user-friendly, which can be
applied in real scenarios for home-based exercise monitoring in
daily life. We believe that EMAS is a promising step towards
practical wireless home-based exercise training monitoring.
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