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Abstract—Respiration monitoring (RM) is crucial for tracking various health problems. Recently, RFID has been widely employed for
lightweight and low-cost RM. However, existing RFID-based RM systems are designed for static environments where no people move
around the monitored person. While, in practice, most environments are dynamic with people moving nearby, which introduces
dynamic multipath signals and significantly distorts the respiration signal, leading to inaccurate RM. In this paper, we aim to realize
accurate RFID-based RM in dynamic environments. Our observations show that multipath signals can result in a similar pattern to
respiration, which leads to mis-detection of apnea and inaccurate respiration rate estimation. To address this issue, we first measure
the respiration anomaly in the signal spectrogram to detect apnea. Second, we successfully remove the multipath effect for respiration
rate estimation inspired by the intrinsic features of human respiration. Specifically, compared with people’s moving pattern, respiration
pattern is regular and periodic. By transforming a normal respiration cycle into a matched filter, real respiration cycles can be extracted
from the noisy RFID signal, which can be applied to estimate the respiration rate via peak detection scheme. The experiments show
that our system achieves the average error of 4.2% and 0.51 bpm for apnea detection and respiration rate estimation in dynamic

environments, respectively.

Index Terms—Respiration monitoring, RFID, dynamic environment, multipath effect

1 INTRODUCTION

ESPIRATION state is not only an important indicator

for reflecting the respiratory conditions but also highly
related to the overall homeostatic control for human health.
Respiration state of a human shows early signs for many
diseases, e.g., sleep apnea [1], hypoxia [2], and chronic
obstructive pulmonary disease (COPD) [3]. In addition,
monitoring respiration state can help to prevent the disease
deterioration for patients in a sensitive and accurate way
[4]. Therefore, accurate and continuous respiration monitor-
ing (RM) is highly demanded for people suffering from var-
ious health problems.

However, traditional respiration monitoring (RM)
approaches that use wearable devices are either cumber-
some or intrusive to users. For example, the chest belt/nos-
tril sensors, which are tightly bound on the chest/nose,
could make users feel uncomfortable when being moni-
tored. Recently, radio frequency (RF) signals have shown
great potential for non-intrusive RM, which aims to release
people from wearing bulky sensors [5], [6], [7], [8], [9], [10],
[11]. Among different RF technologies, RFID has been well
investigated for RM due to the small, lightweight, and flexi-
ble properties of passive RFID tags [12], [13], [14], [15],
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which offer a non-intrusive way for RM by simply attaching
RFID tags on the chest. Meanwhile, RFID tags are cost-effec-
tive (0.1-0.2 USD per tag) and can be applied for large-scale
deployment. The intuition of RFID-based RM is that the
tiny periodic chest movement during breathing can be cap-
tured by tracking the movement of the tag on the chest.

RFID technology has many advantages over other RF
technologies for RM. First, the WiFi-based method is hard
to support multi-person RM. Although some works imple-
ment WiFi-based multi-person RM [5], [7], they require
prior knowledge of the number of persons. In addition,
WiFi-based methods fail to match the respiration rate to
each corresponding person. However, thanks to the stan-
dard EPC communication protocol, multi-person RM can be
achieved and separated via the unique ID of tags attached
on different persons chests. Compared with the radar-based
methods, which require specialized RF devices [10], [11],
the commodity RFID devices are widely used in the market.
Thus, using RFID can provide a more pervasive RM for
public use.

However, current RFID-based RM systems can only
monitor the person in a relatively static environment where
no people move around so that the tiny chest movement
caused by human respiration can be correctly measured
[12], [13], [14], [16], [17]. As depicted in Fig. 1a, a person is
monitored in a static environment, and the measured respi-
ration signal from the RFID tag shows a clear periodic respi-
ration pattern. However, in dynamic environments with
people moving nearby, as shown in Fig. 1b, the measured
respiration signal becomes noisy. This is because the sur-
rounding people incur dynamic multipath signals, which
are superimposed with the desired line-of-sight (LOS) respi-
ration signal of the monitored person. As a result, the respi-
ration pattern in the RFID signal would be distorted, which
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Fig. 1. Respiration monitoring in the static and dynamic environments.
The signal in the dynamic environment suffers from many noises com-
pared with that in the static environment.

could result in inaccurate RM results. In this work, we pro-
pose RM-Dynamic, which aims to remove the effect of mul-
tipath signals in dynamic environments for realizing robust
RFID-based RM with accurate apnea detection and respira-
tion rate estimation.

To achieve this goal, we first elaborate how the dynamic mul-
tipath signals from moving people affect the respiration signal of
the monitored person. Previous works only model the effect of
multipath signals based on the signal path change [18], [19].
However, the change of the RFID signal (e.g., signal phase)
incurred by the multipath signals is subject to many factors,
e.g., the antenna radiation range, people’s moving area, and
movement pattern. In our work, we perform a detailed
investigation of these effects on the RFID signal in terms of
the signal phase. In specific, we find that multipath signals
caused by moving people can introduce a similar pattern in
the signal phase as that resulting from the chest movement
during respiration. As a result, multipath signals could dis-
tort the original respiration signal with both high-frequency
noises and fake respiration cycles, which lead to inaccurate
respiration state measurements.

The second task is to remove the effect of multipath signals for
accurate apnea detection. In dynamic environments, the sur-
rounding movements can result in the missing detection of
apnea, which is a respiratory anomaly of sudden cessation of
breathing. This is because the phase of multipath signals may
occasionally exhibit a sinusoidal wave, which shares a similar
pattern to the respiration signal, even if when the monitored
person stops breathing with no chest movement. This would
misguide that the monitored person is still breathing and lead
to the missing diagnosis of apnea. To address this issue, we
investigate the spectrogram of respiration and multipath sig-
nals in the frequency domain. In specific, we compare the
dominance of their frequency components within the respira-
tion frequency range. For the respiration signal, the most
dominant frequency components fall into the respiration fre-
quency range. In contrast, the frequency components of multi-
path signals are less dominant in the respiration frequency
range. With this in mind, we define a respiration-dominance
index (RDI) which counts the number of dominant frequen-
cies within the respiration frequency range in the spectro-
gram. The measured RDI is compared with a reference RDI
obtained from the normal respiration signal to differentiate
the apnea out of the multipath signals.

The third task is to remove the effect of multipath signals for
accurate respiration rate estimation. To achieve this, we borrow
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insights from the inherent features of the human respiration
pattern. Human-beings have a regular and periodic respira-
tion rhythm which is unique and diverse among individuals
[20]. Compared with the irregular patterns of people’s mov-
ing, respiration presents a regular and rhythmic pattern.
This inspires us to transform the real respiration cycle into a
matched filter to extract the desired respiration signal
mixed with the multipath signals. After filtering, there will
be repetitive peaks in the matched filter output which match
the corresponding respiration cycles. By detecting the
peaks, we can estimate the respiration rate.

Note that the performance of the matched filter depends
on the shape of the real respiration cycle. However, respira-
tion patterns are diverse for different persons and may
change along with time. To obtain optimal performance of
the matched filter, we first propose a cycle-averaging
method to obtain the respiration cycle template for each
user. Then, we design a respiration template update method
to automatically adapt to the change of respiration pattern.

In sum, our work makes the following contributions:

e To the best of our knowledge, RM-Dynamic is the
first work to study the problem of RFID-based RM in
dynamic environments. We can accurately estimate
the respiration state when people move in the vicin-
ity of the monitored person.

e We perform a detailed analysis on how the multi-
path signals from surrounding people’s movements
affect the respiration signal. We investigate the key
factors that affect the pattern of multipath signals,
which facilitates the understanding of the RFID mul-
tipath effect in this field.

e Based on the intrinsic features of respiration pattern,
we analyze the signal’s spectrogram for accurate
apnea detection and design a matched filter for accu-
rate respiration rate estimation. Experimental results
show that our system achieves similar performance
on apnea detection (4.2% error) and respiration rate
estimation (0.51 bpm error) in dynamic environ-
ments compared with those in static environments.

2 RFID-BASED RESPIRATION MONITORING AND
THE MULTIPATH EFFECT

In this section, we introduce how the RFID signal phase is
affected by both the respiration activity and the multipath
signals incurred by surrounding people’s movements.

2.1 Phase of the Respiration Signal
To interrogate an RFID tag, the RFID reader first sends out a
continuous wave (CW) to activate the tag. After being pow-
ered up, the tag modulates its information on the CW and
reflects it back to the reader. The commodity RFID reader
can then extract and output the low-level data of the RFID
signal. In our work, we use the RFID signal phase to mea-
sure the respiration state, since the signal phase is more sen-
sitive to the minute chest movement during breathing [12].
To thoroughly understand the RFID signal phase, we
interpret it from the aspects of both signal voltage and sig-
nal traveling distance. First, we refer to the phasor space, as
shown in Fig. 2a, to show how the signal phase is measured
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Fig. 2. Demodulated voltage of the tag signal received by RFID reader.

from the signal voltage. When the RFID reader receives the
tag backscattered signal, it is converted into the baseband
signal V which can be represented as follows [21]:

‘7 = ‘7:) + ‘7:7 ‘7:) = V;cak' + ‘7scutter- (1
V, is decided by the reader transmitter to receiver leakage
V}m; and scattering mer from the env1ronment Vl is the
voltage of the tag backscattered signal. VZ changes with the
state of the tag chip (¢ = state 0 or 1). State 1 and state 0 refer
to the matching and mismatching states between the input
impedance of the tag antenna and the tag chip [22], respec-
tively. After removing the DC component in V, the signal
phase ¢ is calculated as follows.

(2)

ac

¢ = cmg(V;1 - V;O) = arctan (Quc),

where @, and I, refer to the AC quadrature and in-phase
components, respectively. When the tag moves along with
the chest movement while breathing, V' will rotate back
and forth, resulting in a periodic change of the signal phase.

Second, the signal phase can also be expressed as a func-
tion of the signal traveling distance d as follows.

¢ = {271 . ﬂ} mod 27, 3)

A
where A is the signal wavelength. During respiration, with
the RFID tag attached on the chest and facing to the antenna
directly, Equ. (3) becomes

b= {271 : M} mod 27,

where d; is the initial distance between the tag and the
antenna. d,(t) is a sinusoidal function which describes the
chest movement. As the chest moves forward and backward
periodically, the signal phase exhibits a periodic pattern
accordingly with valleys and peaks indicating the expan-
sion and contraction of the chest, respectively.

(4)

2.2 Phase of Multipath Signals

In RFID-based RM systems, the LOS signal between the tag
and antenna is used for extracting the respiration pattern
[9], [12], [13], [14]. While, in practice, many reflectors in the
environment, e.g., surrounding people and furniture, could
bring multipath signals. As shown in Fig. 3, the static object
and moving person bring different multiple signals. Such
multipath signals can be superimposed with the LOS signal
at the receiver, which greatly affects the signal phase.

antennéi “A tag
(A) Tperson (P)

(1) A— P —> tag—>A

antenna

(A)

person (P)
2)A— tag —>P—>A

Fig. 3. Propagation path of multipath signals from moving person.

ok

o

Fig. 4. Effect of dynamic multipath signals on the signal phase.
When surrounding people move nearby the tag, the mul-

tipath signals’ voltage is added on the received signal, and
the tag signal phase ¢ can be expressed as

(5)

Vs Vi
where V  is the voltage of static components, 1nc1ud1ng the
static LOS signal and static multipath signals. V refers to
the voltage of dynamic multipath signals. .S and M are the
total numbers of static signals and dynamic multipath sig-
nals in the environment, respectively.

In the phasor space, suppose the tag is attached on a
static object, OA in Fig. 4 represents the sum of static com-
ponents, i.e., VS in Equ. (5). When peogle move around the
tag, the dynamic component V/\ 1,1.e., ABin Fig. 4, will rotate
from 0 to 27. The measured phase is denoted by the com-
bined component OB.In consequence, the combined phase
is jointly affected by [Viy| and /Vy; (the angle between Vi,
and [-axis). When people move nearby the tag, the strength
(length) of |VM| varies, e.g., |V\1| increases from AB to AB/
Meanwhile, /Vy; may also change accordingly, e.g., Vo
decreases when AB rotates to AC. Then the combined sig-
nal phase will change accordingly. Therefore, in the follow-
ing sections, we will study how surrounding people’s
movements affect the signal phase from the views of [Vl
and ZVU

2.2.1 Effectof |V

By investigating the effect of surrounding people’s move-
ments on |Vy|, we can compare the magnitude of phase
changes incurred by respiration with those from people’s
moving. To achieve this, we look into the propagation paths
of multipath signals. As shown in Fig. 3, multipath signals
primarily propagate in two ways [18]: (1) antenna — person
— tag — antenna; (2) antenna — tag — person — antenna.
In propagation way (1), the moving person affects the
downlink of multipath signals, i.e., [antenna — person —
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Fig. 5. lllustration of RFID antenna radiation range and 3 dB beamwith.
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Fig. 6. Moving area and trajectory of the surrounding person.

tagl. At this point, |Vj| mainly depends on the strength of
multipath signals which are dominated by the reflection of
the moving person from the antenna to tag. As a result, the
person’s moving area around the antenna is the key factor of
| V\ 1|- The RFID antenna is usually directional and has an effec-
tive radiation area, inside which a 3 dB beamwidth area
(denoted as 3 dB-area) exits. Fig. 5a shows a 3 dB-area for the
Laird antenna [23]. The area inside the red circle is the effec-
tive radiation range, and the inner area segmented by the two
black arrows is the 3 dB-area. When the person moves inside
the 3 dB-area, more multipath signals are reflected by the per-
son with a stronger signal magnitude, and vice versa.

To see the effect of people’s moving area around the
antenna on the signal phase, we attach an RFID tag on a sta-
tionary box and place the antenna 1.5 m away facing to the
tag straightly, as shown in Fig. 5b. A red line is drawn on
the ground as the 3 dB beamwidth boundary. Volunteers
are asked to walk insides, outside, and randomly in and out
of the 3dB-area without blocking the LOS path, as shown in
Fig. 6a. Since volunteers move closer to the antenna, differ-
ent moving distances to the tag, i.e., the effect from the
uplink signal, introduce limited impact to the signal phase
and can be ignored.

To compare the phase changes caused by the respiration
activity and those brought by the surrounding movements
in different areas, we employ the standard deviation (std) of
the signal phase, which can serve as a good indicator to
measure the variations in the signal. The larger the std is,
the larger phase changes are incurred by the movement.
The distributions of the std of the signal phase for people
moving inside, outside, and randomly in and out of the
3 dB-area are shown in Fig. 7. We also depict the std of the
signal phase merely caused by the respiration activity.
From Fig. 7, we obtain the following observations: (1) The
std of the signal phase when people move inside 3 dB-area
is generally larger than that of outside the 3 dB-area. This is
because the movements inside the 3 dB-area can result in a
larger |Vy|. (2) The std distributions of the random moving
and respiration overlap each other, showing that the multi-
path signals of moving people have similar effects on the
phase changes compared with the respiration activity.
Therefore, surrounding people’s movements could bring
comparable phase changes as the respiration activity.
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Fig. 7. Distribution of standard deviation of the signal phase with moving
people moving in different areas.
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Fig. 8. Standard deviation of signal phase for different distances I.

For propagation way (2), the moving person mainly 298
affects the uplink of multipath signals, i.e., [tag — person — 299
antennal]. In this case, \Vu\ is mainly decided by the strength 300
of multipath signals which are dominated by the reflection 301
of the moving person from the tag to antenna. Therefore, the 302
distance between the moving person and tag becomes the 303
key factor for the phase changes. To observe this effect, we 304
ask a volunteer to walk along a straight line nearby the tag 305
with different distances [ to the LOS line, as shown in Fig. 6b. 306
Since the volunteer mainly moves around the tag and is rela- 307
tively far from the antenna, different moving areas towards 30s
the antenna, i.e., the effect from the downlink signal, cause 309
little effect on the signal phase and can be neglected. The 310
average std of the signal phase for different [ is given in 311
Fig. 8. The std first falls sharply and then decreases smoothly 312
along with the increase of I. Thus, the effect of multipath sig- 313
nals when the moving person is far from the monitored per- 314
son is limited. However, if the person moves close to the 315
monitored person, multipath signals could affect the respira- 316
tion pattern and should be carefully removed. 317

2.2.2 Effectof /Vy, 318

The effect of ZV:M can be revealed from the moving pattern 319
of surrounding people. We analyze the people’s moving 320
pattern from two aspects. First, the torso movement can 321
result in two possible changes of ZVU, i.e., rotating clock- 322
wise and counterclockwise, which causes the increase and 323
decrease of ZVM Second, people’s limbs could swing peri- 324
odically during walking, which could lead to a rhythmic 325
change of ZVA 1 whose frequency is similar to the limb swing 326
frequency within the range of 1.5 — 2.5 Hz [24]. Thus, peo- 327
ple’s moving also brings relatively high-frequency compo- 328
nents in the signal phase compared with the human 329
respiration frequency range of 0.17 — 0.55 Hz [25]. 330

To show the effect of surrounding people’s torso and 331
limb movements, we fix the tag on a stationary box and ask 332
a person to walk from the antenna towards the tag, then 333
stop for a while, and finally walk backward. The measured 334
signal phase is depicted in Fig. 9. The general increasing 335
and decreasing trend (highlighted by yellow dashed 336
arrows) are mainly caused by the torso moving from the 337
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Fig. 9. Phase of multipath signals caused by a person walking by.
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Fig. 10. Multipath mixed respiration signal, ground truth respiration sig-
nal, and peak detection result.

antenna to the tag side. Meanwhile, the small peaks in the
green rectangular are due to the periodic limb movements
during walking. The effect from the high-frequency limb
movements can be removed by a low pass filter. However,
the general increasing and decreasing trend in Fig. 9 may be
mis-detected as fake respiration cycles, which should be
eliminated from the signal phase.

In sum, based on the analysis of |VM| and /V);, the multi-
path signals of moving people could distort the respiration
signal with comparable magnitude changes of the signal
phase, which include both high-frequency noises and fake
respiration cycles.

2.3 Respiration Signal Mixed With Multipath Signals
To investigate the impact of multipath signals on the respira-
tion signal, we attach an RFID tag on a person’s chest and
ask another two persons to walk nearby. The received signal
phase which is mixed with respiration and multipath signals
is shown in Fig. 10a. The ground truth signal of respiration is
collected with a chest band and shown in Fig. 10b. The moni-
tored person is asked to breathe normally for 5 respiration
cycles. In Fig. 10a, the respiration cycles are messed up with
noises caused by multipath signals. In particular, the noises
in the green rectangular exhibit similar magnitude as the real
respiration peaks. If a low pass filter is applied on Fig. 10a
followed by a peak detection scheme, as shown in Fig. 10c, 7
respiration cycles will be detected, and the extra 2 fake respi-
ration cycles could lead to inaccurate respiration rate estima-
tion. Besides, multipath signals would cause wrong apnea
detection. If people are moving around the monitored person
with the apnea syndrome, multipath signals will incur a sim-
ilar pattern as respiration, which could misguide that the
monitored person is still breathing.

quasi-static —>

} | ‘ spectrogram |
N limb- movmg I | analysis |
|

Fig. 11. Overview of the RM-Dynamic system.

s Ji if

(a) quasi-static (b) limb-moving (c) torso-moving

Fig. 12. Three status of the monitored person.

3 OUR APPROACH

In this section, we first give an overview of the RM-
Dynamic system. Then, we introduce our proposed meth-
ods for eliminating the effect of the multipath signals in
dynamic environments for accurate apnea detection and
respiration rate estimation.

3.1 Overview

The overview of the RM-Dynamic system is depicted in
Fig. 11. The raw signal phase is first collected from the tag on
the monitored person’s chest and segmented into fix-length
windows. Next, status detection is performed to detect
whether the monitored person is quasi-static, having small-
scale limb movement, or with large-scale torso movement.
RM is carried out when large-scale torso movements are not
detected. Then, we transform the signal phase into the spec-
trogram to detect the abnormal pattern of the apnea in the
frequency domain. If no apnea is detected, the matched filter
is applied on the signal phase to denoise the respiration sig-
nal mixed with multipath signals. The matched filter is cre-
ated using the respiration cycle template generated from our
template extraction method. Since different people have var-
ious respiration patterns, we pre-collect the signal phase
when the monitored person breathes in a static environment
to extract a unique template. Besides, we propose a template
update method to adapt to the change of the monitored per-
son’s respiration pattern along with time. Finally, the filtered
signal phase will be processed to estimate the respiration
rate by detecting the repetitive peaks.

3.2 Status Detection

Human movement status may significantly impact the RM
result. Thus, before performing RM, we first detect the
movement status of the monitored person. In our study, we
classify the common moving status into three categories,
including the quasi-static status (the person only breathes
without other movements), limb-moving status (the person
has small-scale limb movements), and torso-moving status
(the person has large-scale torso movements), as shown in
Fig. 12.
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Fig. 13. Signal phase for respiration under different movement status.

To detect different moving status, we observe the signal
phase when a monitored person breathes under the above
three status, as shown in Fig. 13. For the quasi-static status,
the respiration signal shows a clear periodic pattern. For the
limb-moving status, the limb movement causes small jitters
in the respiration signal, as the green rectangular depicted
in Fig. 13b. These jitters, however, have a limited impact on
the respiration signal and can be removed using our
designed matched filter. When the monitored person moves
the entire torso, the signal phase exhibits more dramatic
fluctuations, as highlighted by the red rectangular in
Fig. 13c. This is because the human torso may block the LOS
path between the tag on the chest and the antenna. Based
on these observations, our RM-Dynamic system should
automatically detect the movement status and perform RM
when the person is in the quasi-static and limb movement
status, while stopping RM when large torso movements are
detected.'

To detect the torso-moving status, we compare the mag-
nitude of the phase changes within a window, which is cal-
culated as the difference ¢,;;; between the maximum and
minimum phase. If ¢, is larger than a pre-defined thresh-
old, the window is regarded as the one under torso-moving
status, and vice versa. To obtain the threshold, we first cal-
culate a theoretical value for the maximum phase change
¢,,, of the respiration signal. The displacement of chest dur-
ing respiration ranges from 4 — 12 mm [26]. For the RFID
signal with the 925 MHz carrier frequency, ¢, is calculated
as (2d,,, /A) - 2m = 0.465 rad, where d,,, is set to 12 mm.
Then, we obtain the empirical standard deviation Dr o of all
the ¢, calculated from the measured respiration signal.
Finally, the threshold is determined as the sum of the theo-
retical ¢, and empirical ¢, , .

3.3 Apnea Detection

After status detection, the next step is to detect whether the
apnea appears. Recall that multipath signals from moving
people could result in fake respiration cycles, which can
lead to mis-detection of apnea. For example, the signal
phase shown in Fig. 14a is collected from a person who
stops breathing from 15 - 24 s with people moving around.
The multipath signals result in a respiration-like peak from

1. We note that torso-moving status, e.g., posture change during
sleep, does not appear frequently. The monitor person is mostly in a
quasi-static status or with a few limb movements.
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Fig. 14. Raw phase, phase after matched filter, spectrogram, and RDIs
for the respiration signal with apnea.

15-20 s in the signal phase after the low-pass filter, as
shown in the red rectangular of Fig. 14b. Then, the person
would be mis-detected as breathing normally after applying
the peak detection scheme on the filtered phase.

To differentiate the apnea from multipath signals, we
employ the time-frequency pattern of the signal phase. In
specific, we extract the spectrogram of the signal phase,
from which we can identify the anomaly in the respiration
signal with apnea. For instance, the spectrogram of the sig-
nal phase in Fig. 14a is extracted and shown in Fig. 14c. The
signal spectrogram exhibits a white area in the middle
which exactly matches the apnea period, meanwhile clearly
showing the dominant frequencies during normal breathing
at around 0.3 — 0.4 Hz, which corresponds to the respira-
tion frequency. This indicates that the frequency compo-
nents of the real respiration signal, although mixed with the
multipath signals, still dominant over the respiration fre-
quency range of 0.17 — 0.5 Hz [25]. In contrast, if the person
stops breathing, and only multipath signals are left, the fre-
quency components almost disappear within the respiration
frequency range.

Based on this observation, we leverage the disappearance
of the dominant frequencies within the respiration fre-
quency range to detect the apnea. We define a respiration-
dominance index (RDI) to detect whether the dominant fre-
quency disappears within the respiration frequency range.
To measure RDI, we first perform the short-time fourier
transformation (STFT) on the signal phase to obtain the
spectrogram. In STFT, the signal phase is first divided into
fixed-length segments.” For each time segment, we measure
the mean of all the frequency-domain amplitudes in the
spectrogram as a noise threshold. Then, the RDI is calcu-
lated by counting the number of frequencies, whose ampli-
tude exceeds the noise threshold within the respiration
frequency range. RDI characterizes the dominance of the

2. In our implementation of STFT, the length of the segment is set to
512 sampling points, and the size of FFT is 2,048 after zero-padding.
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Fig. 15. Phase values of two persons’ respiration activity.

respiration components over all the frequency components
in each segment of the signal phase. The RDI of multipath
signals during the apnea period is much lower than that of
the respiration cycles mixed with multipath signals. In
Fig. 14d, we show the RDIs for all the segments of the spec-
trogram in Fig. 14c. RDIs during the apnea period all
decrease to 0 while the RDIs for the respiration cycles all
exceed 10. To detect the decrease in RDIs for apnea detec-
tion, we calculate the mean RDI of the person’s pre-col-
lected respiration signal in the static environment, and half
of the mean RDI is set as the reference RDI. If the length of
consecutive RDIs whose values are lower than the reference
RDI exceeds 5 s, the apnea is detected, and the correspond-
ing phase window will not be used to perform respiration
rate estimation. The length of 5 s is chosen because it is the
longest duration of normal respiration cycles [25].

3.4 Matched Filter

After apnea detection, the signal phase without apnea is
used to estimate the respiration rate. Recall that the real res-
piration cycles are distorted by high-frequency noises and
fake respiration cycles, which cannot be simply eliminated
by the low-pass filter. To tackle this issue, we leverage the
difference between the respiration pattern and multipath
signals. In specific, due to the intrinsic features of the
human respiration pattern, the respiration signal phase
shows a periodic and sinusoidal pattern. In contrast, multi-
path signals are random and irregular, which involve both
low and high-frequency noises combined in various ways.
This inspires us to employ the matched filter to detect the
target signal out of noises. The matched filter is an optimal
linear filter, created from a target signal template, to detect
the target signal by maximizing its signal-to-noise ratio
(SNR) from the unknown signal mixed with noises [27]. For
RM, we extract a single respiration cycle as the template for
creating the matched filter and apply the matched filter on
the received signal phase to denoise it. The output of the
matched filter will peak at where the target signal appears.
Finally, we can detect the peaks in the filtered phase and
estimate the respiration rate.

3.4.1 Template Extraction

To design the matched filter, the respiration cycle template
should be carefully selected due to the following reasons.
First, the shape of the template can affect the performance
of the matched filter. Only when the template has the same
shape as the target signal can we achieve the optimal SNR.
If the shape of the template is not consistent, the SNR of the
matched filter output will vary accordingly. Second, respi-
ration patterns are unique and diverse among different peo-
ple [20]. For example, the signal phase of two persons’

9
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51 34
40 41 42 43 3.1 3.3
Phase(rad) Phase(rad)

(a) Pure respiration (b) Multipath-mixed respiration

Fig. 16. Distributions of the signal phase for (a) the pure respiration sig-
nal and (b) respiration signal mixed with the multipath signals.

respiration in Fig. 15 shows that their respiration cycles
have different shapes. This means that the respiration cycle
template should be typical for each monitored person to
achieve higher SNR of the filtered phase. We will discuss
the effect of using the person’s own template and other per-
sons’ templates on the SNR in Section 4.

To extract the respiration cycle template, we first pre-col-
lect the signal phase of pure respiration for the monitored
person in a static environment. The monitored person nor-
mally breathes for 1—2 minutes during which the signal
phase is collected. Noth that the template collection is a
one-time step, which would not bring too much inconve-
nience to users. Then, we extract the template from the pure
respiration signal by using a cycle-averaging method intro-
duced as follows. First, we smooth the respiration signal
phase with a median filter. Then, we detect the local mini-
mums, which are the starting points of respiration cycles, to
segment the signal phase into individual cycles. To detect
the local minimums, peak detection is performed on the
negative of the signal phase. Next, for each respiration cycle,
we calculate its similarity with all the other respiration
cycles using the euclidean distance. The respiration cycle
with the highest similarity is selected as the template candi-
date. Finally, the template candidate is scaled according to
the average width and height of all the respiration cycles as
the respiration cycle template r,(n).

3.4.2 Template Update

In practice, people’s respiration patterns may change along
with time. Respiration rate can increase or decrease under
different scenarios. For instance, the respiration rate could
increase after doing exercise. Furthermore, many diseases,
e.g., tachypnea and bradypnea, are related to the increasing
and decreasing of respiration rate. As such, the template for
the matched filter should be timely updated to adapt to the
change of respiration pattern.

herefore, we propose a template update method during
RM. We first set a period for updating the template, e.g.,
3 min, considering that the respiration pattern is highly
possible to remain stable in a short period. Then, for each
update period, a certain time window of the signal phase,
which is only affected by the respiration activity without
the interference from multipath signals, is applied to update
the template. To achieve this, we leverage the difference of
the phase distributions between the pure respiration signal
and the respiration signal mixed with the multipath signals.
The pure respiration signal is a sinusoidal wave, which has
a non-gaussian distribution, as shown in Fig. 16a. While,
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Fig. 17. EMD between the gaussian distribution and the distributions of
the pure respiration signal and multipath-mixed respiration signal.

due to the random noises incurred by the multipath signals,
the distribution of the multipath-mixed respiration signal is
more likely to be gaussian, as depicted in Fig. 16b. Based on
these observations, we calculate the distance between the
phase distribution and a comparison gaussian distribution.
The earth mover’s distance (EMD) is employed to measure
the distribution distance. A smaller EMD indicates a larger
similarity. The mean and standard deviation of the compari-
son gaussian distribution are set to be those obtained from
the measured signal phase. We collect 40 traces of phase for
the monitored person breathing normally in a static envi-
ronment and with people moving nearby, respectively.
Their EMD results with the corresponding gaussian distri-
bution are shown in Fig. 17. For the pure respiration signal,
the distance is much larger than that of the multipath-mixed
respiration signal. Hence, we select the phase window
whose EMD is the largest among all the windows so that it
mainly involves the pure respiration signal. Then, the cycle-
averaging method is applied on the selected window to
update the template r;(n).

3.4.3 Matched Filter Creation

With the extracted template r;(n), the impulse response of
the matched filter h(k) is obtained as h(k) = (N —k—1),
where N is the length of r,(n). In Fig. 18, we show the out-
put signal phase after applying the matched filter on the
raw signal phase in the upper figures of Figs. 18a and 18b,
respectively. In the first figure of Fig. 18a, the multipath sig-
nals from surrounding movements bring fake respiration
cycles in the raw signal phase. When using the low-pass fil-
ter, these fake cycles still remain in the signal phase. In con-
trast, applying the matched filter can remove the fake cycles
meanwhile accurately detecting the real cycles, which
match the ground truth in Fig. 10b. Similarly, by applying
the matched filter, the fake respiration peak caused by the
limb movement in Fig. 18b, is successfully removed, which,
however, cannot be fulfilled by the low-pass filter.

3.5 Respiration Rate Estimation

Intuitively, we can apply fast fourier transformation (FFT)
to measure the respiration rate. However, the resolution of
FFT is restricted by the length of the time window [12]. For
instance, if respiration rate is measured every 20 s, the reso-
lution in the frequency domain is 0.05 Hz, which results in
3 bpm resolution in the time domain. Thus, to accurately
estimate the respiration rate, we use peak detection to avoid
the low-resolution problem of FFT.

The peak detection method estimates the respiration rate
based on the detected peaks, which is suitable for real-time
respiration monitoring. However, the peak detection
approach could suffer from tiny fluctuations, which can be
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Fig. 18. Raw and filtered phase mixed with the multipath signals from (a)
the ambient movement of surrounding people and (b) the limb move-
ment of the monitored person.

misdetected as peaks, in the filtered phase. Previous meth-
ods set thresholds to discard the wrong peaks which are too
low or too closed to each other [7]. However, in the RM sce-
nario, the magnitude of the signal phase will change along
with time. A fixed threshold may be improper and could
incur missing or wrong peaks. Therefore, to adapt to differ-
ent scales automatically, we employ the automatic multi-
scale peak detection (AMPD) [28] algorithm. AMPD frees
us from choosing fixed thresholds to detect the real peaks
with the help of the multi-scale technique. The detected
peaks of the signals in Fig. 18 after applying AMPD are
shown with red crosses. Then, the respiration rate is esti-
mated as follows.

1 n—1
rate = GO/EZ(‘DLH —pi), (6)
where p; is the timestamp of the detected peak, and n is the
total number of peaks. The calculated respiration rate is in
the unit of breath per minute (bpm).

4 EVALUATION

In this section, we introduce the experimental setup, evalua-
tion metrics, and experimental results in terms of different
factors for apnea detection and respiration rate estimation.

4.1 Experimental Setup

We implemented the RM-Dynamic system using commer-
cial off-the-shelf RFID devices. The Impin] Speedway R420
reader is connected with a Laird E9208 antenna to transmit
the RFID signal and interrogate the RFID tag. The reader
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Fig. 19. Experimental settings in different environments.

works in the 920—925 MHz frequency band, and the reader
mode is set to MaxThroughput. The reader is connected to a
Dell Inspiron 7460 laptop with i7-7500U CPU and 8 G'B
RAM. The RFID signal phase is processed using Python 3.0.

We conducted experiments in three different environ-
ments with different layouts, as shown in Fig. 19. The
antenna is placed 1-2 m away from the monitored person.
The tag is attached on the person’s chest. We invite 12 vol-
unteers, including 3 females (height: 165—170 cm, chest
width: 27-32 ¢m) and 9 males (height: 172—180 ¢m, chest
width: 33—40 ¢m), to act as the monitored person and sur-
rounding people in turn. We do not assign specific routes
for volunteers to move so that they can walk freely nearby
the monitored person. We ask the monitored person to nor-
mally breathe for 2 min to extract the respiration template.
Then, the signal phase is segmented into 20 s-windows to
estimate the respiration state. The ground truth of the respi-
ration signals is collected via a chest band equipped with a
3-axis accelerometer.

4.2 Evaluation Metrics
We use the following metrics to evaluate the performance of
our system. First, for apnea detection, the percentage of the
missing apnea (MA) and false apnea (FA) over all the apnea
cases are defined as below.

MA = #missing apnea

#real apnea

FA = # false apnea

#no apnea *

(7)

Second, to evaluate the accuracy of respiration rate esti-
mation, we use the mean absolute error (MAE) as below.

1<& /
MAE ==Y — 7],
n |T’ ”"1|

i=1

)

! . . .
where 7; and r; are the estimated and real respiration rate,
respectively. n is the number of time windows.

4.3 Evaluation Results
In this section, we show the experimental results on apnea
detection and respiration rate estimation.

4.3.1 Performance of Status Detection

First, we evaluate the accuracy of our method for status
detection, which aims to differentiate the large-scale torso
movement from the quasi-static and small-scale limb move-
ment of the monitored person. The respiration state estima-
tion, including apnea detection and respiration rate
estimation, is performed when the monitored person is in
the quasi-static status or with small-scale limb movement.
In this evaluation, we ask all the volunteers to breathe nor-
mally in the quasi-static status, breathe with little limb

TABLE 1
Accuracy of Status Detection

quasi-static & limb-moving
95.7%

torso-moving
97.1%

Accuracy

TABLE 2
Comparison of RDI-Based and Peak-Threshold Based Methods
for Apnea Detection

RDI (our method) peak-threshold
MA 3.75% 12.65%
FA 4.15% 15.8%

movement (e.g., shake the hand), breathe with torso move-
ment (e.g., turn around the body), and collect the corre-
sponding signal phase, respectively. The status detection
results are shown in Table 1. The accuracy of detecting the
quasi-static & limb-moving status and the torso-moving sta-
tus both exceed 95%. Such a status detection result guaran-
tees that RM can be accurately performed.

4.3.2 Effect of RDI for Apnea Detection

In this evaluation, we compare the performance of our RDI-
based approach with the existing peak-threshold approach
[9] to demonstrate the effectiveness of our approach on apnea
detection in dynamic environments. The previous approach
sets a fixed threshold for detecting peaks in the respiration sig-
nal. If there is no peak for a certain time, the apnea is detected.
We set the same threshold in [9], which is the median of the
signal phase in a time window, and compare its result with
our RDI-based method. Table 2 shows that our approach out-
performs the peak-threshold approach with an approximate
10% reduction of MA and FA. This is because the fake peaks
caused by the multipath signals from moving people are
wrongly regarded as breathing cycles in the peak-threshold
approach. However, our proposed RDI-based approach can
accurately differentiate the real respiration signal from the
multipath signals during the apnea period.

4.3.3 Effect of Matched Filter for Respiration Rate
Estimation

To show the effectiveness of the matched filter on respira-
tion rate estimation, we first compare the MAE between the
real and estimated respiration rates with and without
applying the matched filter on the signal phase. For meth-
ods without the matched filter, we use the low-pass filter
and median filter to denoise the signal phase. Then, AMPD
is applied to count the respiration cycles. As shown in
Fig. 20a, the average MAE using the matched filter is
0.51 bpm. While the MAEs using the low-pass and median
filters are 2.94 bpm and 3.08 bpm, respectively, which are 5
times larger than that of using the matched filter. This indi-
cates that the matched filter can help to promote the accu-
racy of respiration rate estimation.

Next, we investigate the effectiveness of the template
extraction and update methods with two experiments. The
first experiment is to show how different persons’ templates
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could affect the RM performance. We select one volunteer
(X) and extract the template from X’s respiration signal
phase in a static environment. Then, X’s template is used to
create a matched filter to denoise the respiration signal
phase when people move around X. Then, we extract
another three templates from three volunteers (4, B, and C)
and create three matched filters, respectively. Finally, we
apply the three matched filters to denoise X’s respiration
signal phase. The MAE:s of using the matched filters created
from different persons’ templates are shown in Fig. 20b. In
addition to the MAE, SNR is also reported to show the abil-
ity of the matched filter for denoising the signal. The SNR
when using the matched filter created from X’s own tem-
plate is higher than using other persons’ templates. Mean-
while, using X’s own template also achieves the lowest
MAE, indicating the importance of extracting the personal-
ized template for each user and the effectiveness of our tem-
plate extraction method.

The second experiment is to show the performance of the
template update method when the monitored person
changes the respiration pattern. We let X breathe normally
for 5 min with other people moving nearby and collect the
respiration signal phase. Then, X is asked to do pedaling
for 15 min. After pedaling, the respiration rate of X greatly
increases, and we continue to collect X’s signal phase for
10 min. Then, we estimate the respiration rate before and
after pedaling using a fixed template and the updated tem-
plates of X, respectively. The template update period is set
as 2 min. The MAE of using the update templates is
0.11 bpm lower than the fixed template, showing the effec-
tiveness of the template update method.

4.3.4 Effect of the Number of Moving People on Apnea
Detection and Respiration Rate Estimation

In this evaluation, we evaluate the system performance in
both static and dynamic environments with different
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TABLE 3
Comparison of Respiration Rate Estimation With Existing Work

[12] [14] our approach
MAE 0.5-1 bpm 0.3-0.5 bpm 0.3-0.6 bpm
Scenario static static dynamic
6%
i I 0.41
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(a) effect of moving area

) (b) effect of moving area
on apnea detection

on respiration rate

Fig. 22. Effect of the moving area of surrounding people for (a) apnea
detection, (b) respiration rate estimation.

numbers of moving people, i.e., 0 (static), 1 (Ip), 2 (2p), and
3 (3p) persons moving around. The distance between the
person and antenna is set as 1.5 m. First, we evaluate the
apnea detection performance. Volunteers who act as the
monitored person are asked to simulate the apnea by hold-
ing their breath for 5—10 s. The results of MA and FA are
shown in Fig. 21a. Generally, MA and FA grow slightly
with the increasing number of moving people, while they
are both below 6% for all cases. The average MA and FA
with 1-3 moving persons are only 2-3% higher than those in
the static environment. This indicates that our approach can
enhance the robustness of apnea detection in dynamic envi-
ronments with multiple surrounding persons.

We further show the MAE of respiration rate estimation
for different numbers of moving people in Fig. 21b. The
average MAE raises from 0.2 bpm to 0.6 bpm with more
number of moving people. This is mainly because more
moving people could result in more multipath signals. We
also compare the accuracy of respiration rate estimation of
our system with existing systems in Table 3. Our system has
a similar range of MAE compared with existing works. Fur-
thermore, [12], [14] are only designed for RM in static envi-
ronments, while our system can also work in dynamic
environments.

4.3.5 Effect of the Moving Area of Surrounding People
on Apnea Detection and Respiration Rate
Estimation

As mentioned in Section 2.2.1, the moving area could affect
the signal phase. Hence, we ask a volunteer to move inside,
outside, and randomly inside or outside the 3 dB-area to
test the system performance, respectively. First, we show
the results of apnea detection in different areas in Fig. 22a.
MA and FA when the ambient person moves outside the
3 dB-area are around 4%, which are smaller than the MA
and FA of moving inside the 3 dB-area. For randomly mov-
ing in and out of the 3 dB-area, MA and FA are slightly
larger than that of moving outside the 3 dB-area.

The MAEs for respiration rate estimation of different
moving areas are shown in Fig. 22b. When the person
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Fig. 24. Effect of the tag orientation for (a) apnea detection, (b) respira-
tion rate estimation.

moves inside the 3 dB-area, the MAE is around 0.45 bpm,
which is 0.15 bpm higher than moving outside the
3 dB-area in average. The results show that we can still
achieve relatively high accuracy when the moving person is
inside the 3 dB-area of the antenna.

4.3.6 Effect of Distance Between Antenna and
Monitored Person on Apnea Detection and
Respiration Rate Estimation

In this evaluation, we investigate the effect of the distance
between the antenna (4) and the monitored person (P) on
the system performance. A longer distance between A and
P means a longer traveling distance of the RFID signal,
resulting in a more attenuated backscattered signal. Besides,
the longer the distance between A and P, the larger the
3 dB-area is. As such, people may easily move into the
3 dB-area. In our experiment, we first change the A — P dis-
tance from 1 m to 4 m with an interval of 0.5 m to test how
the distance affects the accuracy of apnea detection. Then,
we ask one volunteer to move nearby the monitored person.
The results of apnea detection under different distances are
shown in Fig. 23a. Both the MA and FA increase along with
the increasing distance between A and P. MA and FA
slightly drop when the distance exceeds 2.5—3 m because
the power of the multipath signals reflected by the moving
person would decrease with a longer A — P distance. The
error difference of apnea detection with different A — P dis-
tances is around 1.5%.

The MAEs of respiration rate estimation for different dis-
tances are shown in Fig. 23b. The MAE gradually goes up
when the distance increases from 1 m to 3 m. This is
because the 3 dB-area becomes larger to allow the person to
move inside, and multipath signals bring a larger effect on
the signal phase. While, when the distance is larger than

antenna

chest

(a) lie on back

(b) lie on side  (c) lie on stomach

Fig. 25. Three kinds of common sleeping postures, including (a) lie on
the back, (b) lie on the side, (c) lie on the stomach.

TABLE 4
Apnea Detection and Respiration Rate Estimation Results
Under Different Sleeping Postures

Posture Apnea Detection Respiration rate
MA FA estimation (MAE)

Lie on back 3.9% 4.5% 0.38 bpm

Lie on side 5.4% 5.8% 0.54 bpm

Lie on front tag: / front tag: / front tag: /

stomach back tag: 7.8%  back tag:8.6%  back tag: 0.62 bpm

3 m, the MAE slightly drops because the multipath signals
become weak with a longer traveling distance. Furthermore,
a longer distance between A and P also leads to weaker res-
piration LOS signals.

4.3.7 Effect of Tag Orientation on Apnea Detection and
Respiration Rate Estimation

When being attached on the chest, the tag can be placed
with different orientations. Different orientations of the tag
could result in different initial signal phases of the backscat-
tered signal [29], which affects the system performance. In
our experiment, we choose 3 orientations, including 0°, 45°,
and 90° of the tag to the gravity direction. The results for
apnea detection with different orientations are given in
Fig. 24a. The MA and FA under all tag orientations are
lower than 5% for apnea detection, and the MAE of respira-
tion rate estimation is only around 0.4 bpm as shown in
Fig. 24b. This is because we make sure the LOS path exists
throughout the experiment and we use the relative phase
change to measure the chest displacement. In addition, we
use a circularly polarized antenna which covers all tag ori-
entations and can receive the consistent backscattered signal
under different tag orientations.

4.3.8 Effect of Different Postures

In this experiment, we evaluate our method for apnea detec-
tion and respiration rate monitoring for different sleeping
postures. We mainly consider three common postures, i.e.,
lying on the back, lying on the side, and lying on the stomach,
as shown in Fig. 25. We ask one volunteer to lie under three
different postures and ask another volunteer to walk nearby.
The results are shown in Table 4. The accuracy of both apnea
detection and respiration rate estimation for the posture of
lying on the side is lower than those of lying on the back.
This is because when the user lies on the side, the chest dis-
placement brings a smaller change of the signal phase. When
the user lies on the stomach, since the signal of the front tag
is fully blocked by the body, the reader cannot receive the
backscattered signal. However, we notice that the human
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back still expands and contracts slightly during respiration.
Thus, we attach another tag on the back for RM. As shown in
Table 4, the MA and FA of apnea detection are still below
10%, and the MAE for respiration rate is still below 0.7 bpm,
which reveals the validity of our proposed system.

4.3.9 Performance of Other Movements

Apart from the walking movement, other movements could
also appear around the monitored person in daily RM sce-
narios. In this experiment, we evaluate the system perfor-
mance for another four common movements. First, for the
couple in sleep, the movement of one person changing the
sleeping posture can bring multipath signals to the other per-
son being monitored. Thus, we ask two volunteers to lie
down. One of them is the monitored person and another vol-
unteer act as the surrounding person who is around 30 c¢m
away from the monitored person and is allowed to randomly
change sleeping postures. Second, for a person sitting beside
the monitored person, the person’s movements like stretch-
ing arms or turning around also incur multipath signals to
the monitored person. Therefore, we ask one volunteer to sit
50 ¢m away from the monitored person and move his/her
arm and body. Third, in home environments, the house-
keeper may move nearby the monitored person. Finally, the
monitored person could move limbs during RM. We conduct
experiments under the above four scenarios to detect the
apnea and measure the respiration rate.

The results are shown in Fig. 26. The MA and FA of
apnea detection are all below 5% for different movements.
This is because our designed matched filter can remove the
effect of the surrounding person’s movement and small-
scale limb movement from the monitored person. The sit-
ting movements have the lowest MA and FA mainly
because they introduce a relatively smaller scale of move-
ments. Meanwhile, the sleeping posture changes and limb
movements have a relatively larger effect on apnea detec-
tion. This may due to the reason that these movements are
more close to the monitored person, ie., inside the
3 dB-area, so that more significant multipath signals are
incurred. The MAE of respiration rate estimation shows
similar results, with the MAE of less than 0.5 bpm.

5 RELATED WORK

Our work is related to RF-based RM and the multipath
effect of RF signals. Therefore, in this section, we introduce
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existing works for RF-based RM and solutions in dealing
with the multipath effect.

5.1 RF-Based RM

Existing works employ RF technologies, e.g., WiFi, Radar,
and RFID, for RM since these technologies enable a conve-
nient and non-intrusive method for RM. WiFi has been pop-
ularly used for RM due to its low-cost and pervasive
features [5], [6], [7], [9], [30], [31], [32]. The Fresnel zone
model is introduced to explain the principle and theory of
using the WiFi signal for RM [6]. This model jointly consid-
ers the effect of the user’s location and the WiFi sensing
range to achieve optimal RM performance. Based on this
model, FarSense further employs the ratio of WiFi channel
state information to greatly increases the sensing range of
WiFi signal [30]. In addition to RM, heartbeat estimation
can be achieved using the WiFi signal as well [7]. However,
WiFi technology suffers from narrow bandwidth, which is
difficult to realize simultaneous RM for multiple users.
Although multi-user RM has been investigated using WiFi
technology [9], [31], [33], they fail to match the respiration
pattern to each person because the narrow bandwidth of
WiFi cannot localize multiple users accurately. However,
the mapping among the multiple users and respiration pat-
terns is critical so that users can know which person has
respiratory problems. To overcome this limitation, UWB
and FMCW radar are employed to monitor the respiration
since these devices can provide wider bandwidth [10], [11],
[34]. However, such specialized devices are expensive and
difficult for public use and large-scale deployment.

In recent years, RFID is widely used for RM due to the
lightweight and cost-effective RFID tags [12], [13], [14], [15],
[17], [35], [36]. TagBreathe uses commodity RFID readers
and enables multi-user RM by attaching RFID tags on multi-
ple users and separately extracting the signal phase from
each tag on the basis of the tag ID [12]. RFID signal can be
used for RM under different applications, for instance, RM
is realized when people are doing during exercise [15] and
driving in a car [35]. Apart from RM, the RFID signal can
detect respiration and heartbeat simultaneously [16]. How-
ever, existing approaches either work in a static environ-
ment or when the monitored person is moving, e.g.,
walking or running. Our work differs from previous works
that we implement RM in the dynamic environment, where
other people could move nearby the monitored person. Our
proposed RM-Dynamic system aims to fill this gap for
RFID-based RM.

5.2 Multipath Effect of RF Signals on RM

The multipath effect is a propagation phenomenon for RF
signals. This phenomenon is common in practice because
there are many reflectors in our environment that can reflect
RF signals [37]. Multipath signals reflected by non-target
objects can bring noises for sensing the target object’s
behavior. Different approaches have been proposed to deal
with the multipath effect [38], [39], [40], [41]. WiTrack
employs FMCW radar to extract the time of flight of each
signal path, so that the LOS signal of the target person,
which has the shortest path, can be separated from multi-
path signals [39]. RespiRadio revises the WiFi 802.11
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protocol to widen the bandwidth of the WiFi signal and
employs the channel impulse response to separate the
target's signal path from other multipath signals [38].
Instead of using the expensive FMCW radar or modifying
the WiFi protocol, we provide a lightweight approach to
remove the multipath effect with RFID technology. In our
work, based on our detailed investigation on how multipath
signals affect the respiration signal, we effectively remove
the noises caused by multipath signals for accurate RM
without introducing extra hardware or any modification of
the standard communication protocol.

6 DISCUSSION

In this section, we discuss some practical issues in using our
system. First, for sleep apnea detection, the current system
can only detect the central apnea, which is caused by a fail-
ure of the brain to activate the muscles of breathing, so that
there is no chest movement. But for the obstructive apnea,
in which the chest muscle still moves but the airway is
blocked, we cannot detect it. In fact, existing RF-based RM
systems all fail to do so, because the principle of using RF
signals for RM is to detect signal change incurred by the
chest movement during breathing.

Second, in the current system, we practically assume that
surrounding people would mainly move in the vicinity of
the monitored person without going across the LOS path
between the monitored person and antenna. This means
that RM-Dynamic is not designed to remove the effect from
the surrounding people if they move to block the LOS path.
While in practice, we can change the deployment of the
RFID antenna to avoid other people blocking the LOS path.

7 CONCLUSION

In this work, we aim to achieve robust RFID-based RM in
dynamic environments. Previous systems have realized RM
in the static environment. While in dynamic environments,
the moving people bring multipath signals which distort
the respiration pattern in the RFID signal phase. Therefore,
we propose to enhance the robustness of RFID-based RM in
dynamic environments. To identify the apnea out of the
multipath signals which could mimic the pattern of breath-
ing cycles, we draw on the dominance of respiration compo-
nents in the frequency domain to avoid the missing
detection of apnea. For respiration rate estimation, the effect
of the multipath signals is eliminated by employing the
matched filter to detect the desired respiration cycles from
the noisy signal phase. The respiration rate is then obtained
by counting the peaks in the filtered phase. The evaluation
results show that our approach can promote the accuracy of
respiration monitoring in dynamic environments.
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