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ABSTRACT
Respiratory conditions significantly impact the health of individu-
als in the modern society. Long-term breath monitoring is critical
for diagnosing the onset of various chronic respiratory diseases.
Traditional breathing monitoring methods rely on wearable devices
(e.q. face masks or chest bands) which are intrusive and uncom-
fortable. Recent research has demonstrated that it is possible to
use device-free WiFi sensing to monitor breathing. However, these
approaches only work when the monitored individual is station-
ary, i.e., sleeping or sitting perfectly still. In this paper, we propose
WiCare, a system that employs the off-the-shelf WiFi devices and
is able to monitor in-situ breathing rate in a natural setting where
the individual can perform actions such as reading, writing, using
phone, etc, which we refer to as micro motions. WiCare exploits
Channel State Information (CSI) of WiFi data and can effectively
distinguish breathing from the micro motions performed by the
monitored individuals. The key idea is that certain specific subcar-
riers carry strong imprints of breathing motions because of the
multipath effect and frequency and spacial diversity of MIMO sys-
tems. We model breathing signals as periodical sinusoidal waves
and use curve fitting realised by interior point non-linear opti-
misation to identify breath in time series of each subcarrier. The
goodness of fit measured by Dynamic Time Warping is exploited
to select subcarriers that effectively capture breathing. Indepen-
dent component analysis is used to precisely isolate the breathing
signals. We recruit five participants to perform 9 common micro
motions. Our extensive experiments show WiCare can accurately
distinguish breathing from the micro motions and estimate breath
rate with an average accuracy of over 90%. WiCare also outper-
forms the state-of-the-art breath rate estimation methods by up to
80%. WiCare represents a first and important step towards in-situ
breath monitoring in natural settings.

CCS CONCEPTS
• Human-centered computing → Ubiquitous and mobile com-
puting;
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1 INTRODUCTION
Respiratory conditions can significantly impact the health of in-
dividuals. According to WHO report [5], the top five respiratory
diseases account for 17.4% of all deaths and 13.3% of all disability
assisted life years, i.e., the numbers of years lost due to ill-health, dis-
ability or early death. In the modern society tobacco use, indoor and
outdoor air pollution likely foster the growing rate of the chronic
respiratory diseases (CRD) including asthma and lung cancer [22].
Monitoring the respiration profile of an individual is important for
the early diagnosis of several illnesses such as pneumonia and con-
gestive cardiac failure. Thus, an in-situ and cost-effective method
for identifying respiratory conditions is highly desirable. Breathing
rate (measured as the number of breaths per minute) is widely used
as an indicator in regulatory health diagnoses [16].

The typical approach for measuring the breathing rate requires
the subject to attach sensors such as accelerometer and pressure
sensors on their body to detect the expansion and contraction of
their chest incurred during the respiration process [2]. However,
such methods are very intrusive and thus unsuitable for long term
in-situ measurement. There has thus been an increasing interest in
leveraging RF-based methods as an alternative for breath monitor-
ing. The expansion and contraction of the chest during breathing
creates unique perturbations in the radio spectrum which can be
used to detect and subsequently measure the breathing rate. The
measurements can be conducted in a passive and non-intrusive
manner (i.e., without requiring the subject to wear any equipment)
making this an attractive approach for long-term monitoring. A
solution for measuring breathing rate is presented in [8], but it
relies on specialised hardware (e.g., radar). On the other hand, WiFi
signals are widely abundant in our personal spaces (homes, offices,
etc). Recent research [19] [17] [18] [30] has demonstrated that by
measuring the fluctuations in the WiFi signals which are revealed
by analyzing the fine-grained Channel State Information (CSI), it
is possible to monitor the breathing rate of an individual. While
these works show great promise, they can only measure the breath-
ing rate in a controlled environment where the subject must be
stationary, i.e. either sleeping [19] or sitting still [24].

In this paper, we take a first step towards realising a system that
can monitoring the breathing rate of an individual in a completely
natural setting as they go about their daily activities. We consider
a setting where the subject being monitored can perform certain
micro motions while seated, i.e., engage in natural activities that
involve movement of their head and/or arms but not their torso.
Examples include reading a book, using a mobile device, typing
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Figure 1: Operational Scenario for WiCare

on a keyboard, etc. (detailed list is in Table 1) which are typical
activities performed by an individual while relaxing at home [20].
We exclude more intense motions that involve movement of the
torso and legs, since the perturbations in the WiFi signals caused
by these activities significantly overpower those induced by the
minute chest motions during breathing.

We present WiCare, a WiFi based breath monitoring system that
is deployed on commercial off-the-shelf WiFi devices. A transmitter
node (any typical WiFi device) continuously sends packets to a
receiver node, which passively records CSI data from the received
packets as shown in Fig. 1. The CSI data captures the aggregate
effect of multi-path, shadowing and interference on the WiFi sig-
nals in the given environment. The expansion and contraction of
the chest during breathing impacts the environment in a unique
way, which changes the effect of these phenomena on the WiFi
signal. These in turn are manifested as unique perturbations in the
CSI data, reflecting the breathing rate. However, the micro motions
performed by the subject also influence the WiFi signal, albeit in a
different manner. There are several significant challenges in sepa-
rating the patterns caused by the breathing signals from those of the
micro motions and ultimately achieve accurate breath monitoring,
even in this seemingly simplified setting.

The first technical challenge is to identify the range of frequen-
cies which are most influenced by breathing when the CSI data is
transformed to the frequency domain using Continuous Wavelet
Transformation (CWT). Using empirically collected data, we find
that breathing impacts a much narrower range of frequencies as
compared to the impact of micro motions which is more spread out.
We extract signals from the former frequency range to mitigate
the impact of micro motions. However, these frequencies are also
influenced by micro motions. The extracted CSI data thus captures
a significant part of the breath motions mixed with some parts of
the micro motions.

The second challenge is to determine which subcarriers in the
CSI data exclusively contain breath motions. In general, breathing
signals can be modelled as periodic sinusoidal waves while micro
motions as non-sinusoids. We compare the time series data of each
subcarrier with a sinusoidal template to determine which subcar-
riers are most likely to contain the breath motions. We use curve
fitting realised by interior point non-linear optimisation for this
purpose. The goodness of the fit is measured by Dynamic Time
Warping. The subcarriers with the best fit are selected for further
processing.

The selected carriers capture pronounced chest motions but will
also reflect the impact of the accompanying micro motions. The
third challenge is to precisely isolate the breathing signals. The
selected subcarrier data will now only contain two main sources
of perturbations, i.e., breathing and micro-motions, of which the
former is most dominant. Thus, we use Independent Component
Analysis (ICA) to isolate the breathing signals. A peak detection
method is used to estimate the breathing rate.

We conduct extensive experiments to evaluate the performance
of WiCare using 5 subjects in a scenario consistent with Fig. 1. The
subjects being monitored are asked to perform 9 different natural
micro motions as outlined in Table 1. Our system can accurately
estimate breath rate with an average accuracy of over 90%. We also
show that WiCare can outperform the state-of-the-art breath rate
estimation method [17] by up to 80%.

The remaining paper is organised as follows. Section 2 discusses
the related work. Section 3 introduces the Channel State Informa-
tion (CSI) and propagation model. Section 4 explains the whole
WiCare system. Section 5 presents WiCare system design and eval-
uates the performance with extensive experiments. Section 6 con-
cludes this paper.

2 RELATEDWORK
Traditional approaches for breath monitoring rely on the use of
body worn sensors. These approaches are intrusive and thus in-
feasible for long-term monitoring of individuals in their natural
settings. Specifically, [4] uses nasal mask to monitor air flow for
breath monitoring. The large size and obtrusive shape of the mask
is inconvenient for the continuous long-term breath monitoring.
Researchers in [2] [3] have embedded inertial measurement units
(IMUs) in shirts for detecting chest motions induced by breathing.
However, the IMU sensors must be tightly attached to the body,
which makes long-term monitoring challenging.

The RF based contact free techniques are widely used for vi-
tal signs detection. Several studies have demonstrated the use of
radar for breathmonitoring including: doppler radar [11], frequency
modulated continuous wave (FMCW) radar [6] and ultra wide band
(UWB) pulse radar [37] [8]. However, all of the above require spe-
cialised hardware (i.e. radars) which may limit their wider appli-
cability. In [21], the received signal strength (RSS) measurements
collected by a wireless sensor network are used to detect breath.
However the system requires a dense deployment of sensor nodes
which is not scalable. The ubiquity of WiFi signals in our envi-
ronments (home, office, public spaces, etc.) offers a cost-effective
approach for implementing RF sensing. [33] utilises the WiFi sig-
nals to recognise the human activities including standing, sitting,
walking and sleeping. WiFi-ID [36] leverages the fact that each in-
dividual has a unique gait which is manifested as a unique pattern
in the WiFi signals to uniquely identify that individual. [28] [29]
focus on hand and finger gesture recognition.

Recent works also exploit WiFi signals for breath monitoring.
The authors in [17] [19] leverage breath rate estimation for detect-
ing sleep apnea. In these works the subcarrier with higher variance
[17] or periodicity level [19] are used to estimate the breath rate.
However, these systems can only detect breathing when the moni-
tored person is stationary, i.e. either sleeping or sitting. In order to
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realise a system that can monitoring breathing in an in-situ setting
while the person goes about their regular activities, it is necessary
to develop methods that can separate the impact of other motions
from that of breathing. This is particularly challenging since the
chest contractions and expansions caused by breathing are very
subdued actions and as such the perturbations introduced in the
CSI data are usually overpowered by other motions undertaken
by the subject. In this work we exploit the diversity of subcarriers
and antenna pairs of WiFi RF signals and reveal that particular
subcarriers are sensitive to the subtle chest motions. Our proposed
WiCare system can identify breath rate when the monitored individ-
ual undertakes micro motions that involve movement of his head,
hand and arms. This is an important step towards the ultimate goal
of being able to monitor breathing in a completely uncontrolled
environment.

3 BACKGROUND
3.1 Channel State Information
Mostmodern off-the-shelfWiFi devices support the IEEE 802.11n/ac
standard and include multiple antennas for MIMO communications.
These devices employ orthogonal frequency-division multiplexing
(OFDM) at the PHY layer. OFDM divides the frequency band into
multiple subcarriers and simultaneously transmits multiple sym-
bols in parallel. The frequency response of OFDM subcarriers is
monitored as Channel State Information (CSI) [35] by the WiFi
NICs. Let Xp

i and Ypi represent the transmitted and received sym-
bols for subcarrier i and antenna pair p. Let Hp

i denote the wireless
channel’s CSI at any time instant. Then,

Y
p
i = H

p
i × X

p
i i ∈ [1,C] p ∈ [1,Nt × Nr ] (1)

Nt and Nr represent the number of transmit and receive anten-
nas, which constitutes a Nt × Nr MIMO system. The hardware
used in our experiments uses 3 transmit and receive antennas, i.e.
Nt = Nr = 3. Hp

i is a complex value Hp
i = ∥H

p
i ∥e

i ·θ where, θ is
the phase and ∥Hp

i ∥ simplified as Hp
i denotes the amplitude. CSI

amplitude depict power fading of channels and capture the effects
of multiple wireless phenomena such as absorption fading, multi-
path, destructive and constructive interference. The Intel 5300 NIC
[13] is used in our experiments and provides information about 30
(i.e. C=30) OFDM subcarriers of 802.11n between each antenna pair.
Thus the dimension of the CSI time series is 30 × Nt × Nr .

3.2 Propagation Model
To monitor breathing in a natural setting where the observed indi-
vidual undertakes certain actions (e.g. the micro motions outlined
earlier), it is essential to gain insights into how breathing and micro
motions affect the wireless signals and consequently the CSI data.
In a typical indoor setting (such as Fig. 1), the WiFi signals are
affected by the existence of objects in the surroundings such as
furniture, walls, etc. and the body of the person being monitored.
Copies of the transmitted signals reflected or diffracted by the sur-
face of the various objects (chest, hand, furniture, walls, etc.) will
arrive at the receivers along multiple propagation paths, which
is called multipath effect. In order to characterise the multipath
effect we consider a typical setting as shown in Fig. 2. For simplicity,
the figure depicts the different propagation paths between a single
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Figure 2: Multipath propagation caused by static and dy-
namic objects.
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(a) Subcarrier 6-9.
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(b) Subcarrier 208-211.
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(c) Subcarrier 236-239.

Figure 3: CSI data for subcarrier 6-9, 208-211 and 236-239. In
subcarriers 6-9, hand motions dominate chest motions. In
subcarriers 208-211, two motions are both present. Subcarri-
ers 236-239 mostly pronounce chest motions.
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transmit-receive antenna pair. These can be grouped into static
paths and dynamic paths. The static paths Hs include the direct
path from the transmitter to receiver and reflected paths from sta-
tionary objects such as furniture, walls, etc. The dynamic paths Hd
are caused by the moving objects i.e., the chest (contraction and
expansion caused by breathing) and hand (due to micro-motions).
The CSI data Hp

i (see Eg. (1)) is represented as follow [32],

H
p
i = Hs + Hd = Hs + αA1e

j (−2π f t1 ) + βA2e
j (−2π f t2 ) (2)

where A1, t1, and e j (−2π f t1 ) and A2, t2, and e j (−2π f t2 ) represent
the amplitude, propagation delay and phase shift for the paths
reflected off the chest and hand, respectively. f is the frequency
of the subcarrier Hp

i . Note that, Hs is constant while Hd is varied
because the motion of the dynamic objects changes the path lengths
and corresponding propagation delays t1 and t2 which contribute to
the perturbations of CSI data. The coefficients α and β represent the
sensitiveness of the antenna pairs to the chest and hand motions,
respectively. Since, the spatial distance from chest/hand to the 3× 3
(Nt × Nr ) antenna pairs are not equal, α and β are different.

We employ the Two-Ray propagation model [23] which is typi-
cally used for analysing multipath effects, to study the cumulative
effect of the different paths outlined above at the receiver. Expand-
ing the exponential terms in Eg. (2), the magnitude of the received
signal can be represented as, [9]:

∥H
p
i ∥ =

√
α2A2

1 + β
2A2

2 + 2αβA1A2 cos[−2π f (t2 − t1)] (3)

Note that, ∥Hp
i ∥ depends on the subcarrier frequency f because

radio propagation is frequency-dependent. If, for example, the dif-
ference in the length of the two multi-paths (i.e., paths 1 and 2)
equals to an odd number of half-wavelengths, then the cosine will
be equal to -1 and the signal received over the two paths will com-
bine destructively. Alternatively, if the path lengths differ by an
even number of half-wavelengths, then the cosine will be equal to
+1 and the signals will combine constructively. Accounting for the
differences in the sensitivity coefficients, α and β , specific subcar-
riers may either uniquely contain the effect of breathing or micro
motions or a combination of the two. Fig. 3 plots the CSI measure-
ments of different frequencies (WiFi subcarriers) after applying a
Butterworth 1 Hz low pass filter. The data is collected while an indi-
vidual is performing a certain micro-motion. The specific details of
the experimental setup are outlined in Section 5. Fig. 3(a) shows the
sub-carriers where the hand motions dominate the chest motion.
Fig. 3(b) shows the sub-carriers where the two motions are both
present with approximate similar intensity. Finally, Fig. 3(c) illus-
trates sub-carriers in which breath dominates. The above analysis
thus shows that certain subcarriers carry strong imprints of the
breathing motions and are thus likely to be useful for measuring
the breath rate. However, precisely identifying these subcarriers is
challenging. This is because it is difficult to accurately measure the
sensitivity coefficients and the precise manner in which the two
motion signals will affect each other in each subcarrier. Moreover,
the specific subcarriers relevant for breathing can change depend-
ing on the micro motion being performed. The insights gained here
help to guide the design of the WiCare system discussed in the next
section.
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Figure 4: Overview of WiCare.

4 WICARE
4.1 Overview of WiCare
Fig. 1 depicts the typical operational scenario for the WiCare sys-
tem. WiCare consists of a transmitter that periodically transmits
packets to a receiver. The receiver records the CSI data for each
received packet. As outlined in Section 1, the ultimate goal is to
achieve in-situ breath monitoring of an individual while they go
about their typical activities in their home or office. However, such
an uncontrolled environment introduces significant challenges. The
chest motions that result from breathing are very subtle as com-
pared to the motions of other body parts (torso, limbs, etc.). The
perturbations caused by the latter in the WiFi signals are signif-
icantly stronger than those by the former, which in turn makes
it very challenging to accurately isolate the breathing signals. To
make the problem more tractable, in this work, we assume that
the monitored individual can perform certain micro motions which
involve movement of their head, hand and arm while being seated.
Some examples include reading, writing, using a mobile device, etc.
A detailed list of the activities considered is in Table 1. We exclude
all other intense motions that include movement of the torso and/or
legs. We will show that accurate detection of breathing rate is con-
siderably challenging in this seemingly simplified setting. WiCare
represents a first and important step towards realising in-situ breath
monitoring in natural settings.

In Section 3.2, we used a two ray propagation model to analyse
multipath effects caused by chest and micro motions. It showed
that some subcarriers are potentially more sensitive to chest mo-
tions due to the frequency and spatial diversity. Fig. 4 depicts the
basic building blocks of WiCare which aims to identify these sen-
sitive subcarriers and isolate breath signals. In the first instance,
WiCare eliminates the effects of environmental noise which can
be largely attributed to multi-path effects resulting from the WiFi
signals reflected from other objects (e.g. furniture, walls, etc.) in the
surrounding space which is discussed in Section 4.2. In Section 4.3,
we transform the empirically collected CSI data to the frequency
domain and illustrate that the impact of the breathing motions are
restricted to a specific narrow range of frequencies. We also observe
that the micro motions manifest their impact over a wider range
of frequencies. WiCare employs Continuous Wavelet Transforma-
tion (CWT) to extract signals from the range of frequencies that
captures the majority of the breathing signals. However, note that
these frequencies also contain an imprint of the micro motions.

The insights gained from Section 3.2 suggest that subcarriers
of antenna pairs are not equally sensitive to breathing. WiCare
models breathing as a sinusoidal signal and uses curve fitting to
compare the time series of each subcarrier against the template



WiCare: Towards In-Situ Breath Monitoring MobiQuitous 2017, November 7–10, 2017, Melbourne, VIC, Australia

(see Section Section 4.4.1). Dynamic Time Warping (DTW) is used
to select the subcarriers that are most likely to capture breathing
motions (see Section Section 4.4.2). Even though the selected sub-
carriers contain the breathing signals as the dominant component,
they will also contain some impact of the micro motions. WiCare
employs Independent Component Analysis (ICA) to separate the
signals resulting from these two components. While we expect the
breathing signal to be the dominant component, this is not always
the case as some micro motions (e.g. use a tablet in Fig. 6(b)) are
also manifested as strong signals in the same subcarriers. Thus, we
use the same approach outlined above, i.e., curve fitting and DTW,
to determine which component best matches the breath sinusoid.
These steps are outlined in Section 4.4.3. Once the breath signal
is isolated, a peak detection method is employed to calculate the
breathing rate (Section 4.4.4).

4.2 CSI Preprocessing
It is well-known that physical objects in our surroundings (e.g. walls,
ceiling, floor, furniture, etc.) introduce significant multi-path effects
on radio transmissions. In the typical setting depicted in Fig.1, the
reflected signals would arrive at the receiver with a significantly
longer delay than the signals propagating along the direct path
between the sender and receiver and also those reflected of the per-
son’s body (chest, arms, etc.) which are much closer to the receiver
as compared to the surrounding objects. Removing these delayed
components will mitigate the impact of the surrounding environ-
ment on the system. In achieve this, we transform the CSI data Hp

i
(see Eg. (1)) measured in frequency domain to the time domain by
applying Inverse Fast Fourier Transform (IFFT). The time-domain
profile of multipath communication channels is described as follow,

h
p
i (t ) =

N∑
m=1

am (t )δ (t − tm ) (4)

where N denotes the total number of multipath signals and am (t )
and tm represent the path gain and propagation delay of themth
path, respectively. δ (t ) is the Dirac delta function. Prior research
[15] has demonstrated that for indoor environments, the maximum
propagation delay incurred by a reflected path is 500ns. Thus we
remove the delay components in h

p
i (t ) that are larger than 500ns.

Following, this the filtered signal is transformed back to the fre-
quency domain using FFT. After filtering out environment impacts,
we use a sliding window to identify breath in time series of the
CSI data. The window size T affects the breathing rate estimation
accuracy which is evaluated in Section 5.2. In the next sub-section
we outline the methods outlined for isolating the breathing signals
from the more dominant signals induced by the micro-motions.

4.3 Breath Signal Extraction
In this section we analyse the filtered CSI data to understand how
breath and the accompanying micro motion uniquely impact the
CSI signals. The insights gained are used to derive a methodology
for separating the breathing signals from accompanying micro mo-
tions. Breathing results in a repetitive up and down motion of the
chest caused by inhalation and exhalation. As such, the perturba-
tions induced by breathing in the CSI signals can be represented as
a sinusoidal wave. Thus. if the CSI data purely contains the impact

of breathing, then when it is transformed to the frequency domain,
there will be one dominant frequency component corresponding
to the respiration rate, where most of the energy will be concen-
trated. Prior research [19] has used this logic to isolate the signals
corresponding to this frequency and measure the breathing rate.
However, when the monitored subject performs micro motions,
the resulting perturbations shadow the breath motions since these
activities are typically more intense than the subtle chest motions
associated with breathing. As a result, the prior approach [19] that
relies on locating the dominant frequency is no longer useful for
isolating the breathing signals. To gain insights into the coexis-
tence of these two activities (i.e. micro motions and breathing), we
compare the CSI data collected when the monitored individual is
undertaking micro motions to when he is still (i.e. solely breathing).
Details about how the experiments were conducted can be found
in Section 5.

We employ Continuous Wavelet Transformation (CWT) and
Morlet wavelet to transform the CSI data into the wavelet domain.
CWT allows us to investigate the time varying frequency compo-
nents in the signal. Breath motions are typically observed in the
low-frequency range. Hence, we use wavelet transform as it offers
higher resolution in the low frequency components. Fig. 5 illus-
trates the energy distribution of the CSI data after applying wavelet
transform for the following 3 scenarios: - (a) when the person is
still (and thus only breathing), (b) when the person is using his
tablet and (c) when the person is drinking water. We only illustrate
two micro-motions as representative examples. The subsequent
observations are consistent for all micro motions considered in our
experiments. In Fig. 5(a) we observe most of the energy is concen-
trated in the following three frequency ranges: (i) 0.028 Hz to 0.054
Hz, (ii) 0.295 Hz to 0.414 Hz and (iii) 23.873 Hz. Since the monitored
individuals sit still in first scenario, the energy of the signal is largely
concentrated in the second frequency range which corresponds to
the breathing frequency of a normal adult. The energy in extreme
low and high frequencies are largely base signals and environment
noise respectively. In contrast, observe that when micro-motions
are combined with breathing (Fig. 5(b) and Fig. 5(c)), the energy
is spread across a wider frequency range and the subtle breath
motions are not as easily isolated. Also observe that while in both
these instances there is still some energy concentrated in the range
from 0.295 Hz to 0.414 Hz, it is much lower than when the person
is still and breathing. To isolate breathing signals, we employ the
inverse wavelet transform to extract signals from 0.295 Hz to 0.414
Hz where the breathing signal is most likely to be concentrated.
Next, we perform data normalisation to scale CSI data between 0
to 1. Data normalisation averages the transmission power of every
subcarrier and highlights the shape of the isolated signals. While,
majority of breathing motions are preserved, the extracted CSI data
will also contain some influence of the accompanying micro mo-
tions. Recall from Section 3.2, that certain specific subcarriers are
more likely to contain breathing signals than others. Next, we focus
on selecting these informative subcarriers to detect the breathing
rate.
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(a) Pure Breath.

(b) Use tablet.

(c) Drink water.

Figure 5: Energy distribution when a person is still com-
pared to when the person undertakes two different micro
motions.

4.4 Breath Identification
Our goal herein is to identify breathing signals from the trans-
formed CSI data as outlined Section 4.3 and accurately estimate
breath rate. As outlined in Section 3.2, a distinct set subcarriers
are more sensitive to breathing and micro motions. Moreover, the
specific subcarriers in each group are not known a priori. WiCare
employs Curve Fitting and Dynamic Time Warping for adaptively
selecting the subcarriers that correspond to breathing as outlined
in Section 4.4.1 and Section 4.4.2. The selected subcarriers may
still reflect the impact of micro motions. WiCare uses Independent
Component Analysis as outlined in Section 4.4.3 to further isolate
breathing signals. A peak detection method is used to estimate
breathing rate as discussed in Section 4.4.4.

4.4.1 Curve Fitting. When a person breathes, his chest expands
and contracts in a consistent and periodic manner. While these
motions are subtle, they are manifested as a periodic pattern in
the CSI data. Thus we model the impact of breathing on the CSI
subcarriers as a sinusoidal wave. This assumption is consistent with
prior work [19]. Specifically, we represent the impact of breathing
on subcarrier r (t ) as,

s (t ) = A cos(2π f (t ) + ϕ) + ϵ (5)

where A, f ,ϕ, ϵ, t stand for amplitude, frequency, phase, shift of the
sinusoidal wave and time, respectively.

For identifying the sinusoidal breath signals, WiCare use the
interior-point approach [10] which is a non-linear optimizaiton
technique for solving approximate constrained minimization prob-
lems presented as the following:

minimize
∑

(s (t ) − r (t ))2

subject to A1 ≤ A ≤ A2,

f1 ≤ f ≤ f2,

− π ≤ ϕ ≤ π ,

0 ≤ ϵ ≤ 1.

(6)

The set of constraints define the bounds of the variables in Eq. (5).
The amplitude of the identified sinusoidal breath signal is within
[A1,A2]. As mentioned in Section 4.3 CSI data is normalised be-
tween 0 to 1. We heuristically setA1 to 0.3 andA2 to 1 for reliability.
Human respiration can vary between 10 to 30 beats per minute
depending on the age of the person [12]. Consequently, the fre-
quency bounds, f1 and f2 are set to 2Hz and 6Hz. The optimisation
is a typical curve fitting method for generating the ideal sinusoidal
breathing signals. Fig. 6 shows the fitted sinusoid waves and the
original CSI sequence in two subcarriers collected when the moni-
tored individual is undertaking a particular micro motion (i.e. use
tablet). Observe from the top figure that the breathing sinusoid has
high similarity with the original CSI data, which suggests that this
particular subcarrier is significantly influenced by breath motions
and to a lesser extent by the accompanying micro motions. In con-
trast, one can readily observe from the bottom graph that there
is significant dissimilarity between the sinusoid and the original
CSI data for the other subcarrier. This suggests that this particular
subcarrier is more significantly influenced by the micro motion
rather than breathing. Thus, WiCare uses the goodness of the curve
fit to determine which subcarriers are most influenced by breathing.
The goodness of the fit is measured using Dynamic Time Warping
(DTW) as outlined in the following.

4.4.2 Dynamic Time Warping based Subcarrier Selection. Nor-
mally, there are subtle changes in the breathing pattern of an indi-
vidual. Inspiratory and expiratory duration and tidal volume of an
individual varies in every breath [7], particularly so when they are
carrying out some actions such as the micro motions under consid-
eration. As such the actual breathing signals may not have constant
amplitude and periodicity and may thus differ slightly from the
sinusoidal template. DTW [31] [25] is known to be resilient to such
variations. DTW seeks an alignment by matching each point of the
first signal to one or more points of the second signal, thus minimis-
ing the distance between signals. We use the minimum distance
to measure the similarity between time series of CSI and sinusoid.
An experiment involving hand micro motions is conducted and
the Fig. 7(a) shows the distances of 30 subcarriers of one TX-RX
antenna pair. Observe that only a few subcarriers (subcarriers 6 to
10) exhibit a small distance (and thus similarity) to the sinusoid.
Fig. 7(b) illustrates the CDF of the distance for all 270 subcarriers.
It is evident that a vast majority of the subcarriers are dissimilar
to the sinusoid. However, there are a few selected subcarriers that
are influenced in a significant way by breathing. WiCare selects S
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(a) subcarrier #3 Curve fitting.
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Figure 6: The original signal and fitted sinusoidal breathing
signals in two subcarriers. The CSI dataset is the mixture of
breath and micro motions.
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Figure 7: The distance between CSI data and fitted sinu-
soidal signals in 30 subcarriers of one TX-RX antenna pair
is shown in Figure (a). The cumulative density function of
the distance for all 270 subcarriers is shown in Figure (b).

subcarriers which have the lowest distance for further processing.
In Section 5.3 we evaluate the impact of selecting different values of
S. While the selected subcarriers largely contain breathing signals,
they may still reflect the influence of micro motions. In the next
subsection, we outline how the breathing signal is precisely isolated.

4.4.3 Independent Component Analysis. The perturbation of CSI
data in the selected subcarriers have twomain sources, i.e. breathing
and micro-motions, of which the former is most dominant. WiCare
uses Independent Component Analysis (ICA) to precisely isolate the
breathing signals in the selected subcarriers. ICA is one of the most
popular blind source separation methods, which aims to separate

the mixed signals into a set of independent components given
very little information (or no prior information) about the source
signals. It has been successfully applied in numerous domains such
as biomedical signal processing [27], gait analysis [34] and speech
separation [26]. Let CSI(t) represent the CSI data for the selected
subcarriers in Section 4.4.2. Since, these CSI signals are a mixture of
signals from breathing and micro motions, they can be represented
as follows,

CSI (t ) = A ·CSIsource (t ) (7)
where A is the mixing matrix andCSIsource (t ) represents indepen-
dent sources. Our aim is to find an unmixing matrixW (W = A−1),
so that we can calculate the estimated source signal ˜CSI source (t )
as follows,

˜CSI source (t ) =W ·CSI (t ) =W · A ·CSIsource (t ) (8)

In this paper, we use FastICA, a fast and efficient fixed-point
algorithm to solve the ICA model in Eq. 8, i.e., to estimateW . Fas-
tICA has been found to be 10-100 times faster than conventional
gradient descent methods for ICA [14]. After obtainingW , we can
get the estimated sources ˜CSI source (t ) by Eq. 8. Fig. 8(a) shows
CSI data of the subcarrier that is closest to the sinusoidal breathing
signal. Fig. 8(b) and Fig. 8(c) presents the measured CSI after source
separation. The independent component in Fig. 8(b) corresponds
to the pure breathing signal which was originally mixed with the
micro motion signal. Next, we again use curve fitting and DTW-
based subcarrier selection outlined in Section 4.4.1 and Section 4.4.2
to select the component that best matches the breath sinusoid. In
particular, ˜CSI source (t ) are applied to Eq. 6 as r (t ) and DTW helps
to select the independent component with the minimum distance
to sinusoid as the isolated breath signal.

4.4.4 Breath Rate Estimation. After obtaining the relatively iso-
lated CSI data that captures pure breathing, we apply peak detection
to estimate the breathing rate. A moving window of ten samples is
used to avoid incorrect identification of peaks. Fig. 9 presents the
peak detection applied on the isolated breath signal. The number
of peaks P divided by the time duration T of the CSI sequence will
be the breath rate f = P/T (s ) ∗ 60 breath per minute (bpm). The
window size T affects the precision of the estimated breath rate
which will be evaluated in Section 5.2.

5 EVALUATION
In this sectionwe present a comprehensive evaluation of theWiCare
system. Section 5.1 outlines the experimental setup and scenario.
Section 5.2 presents results for different window sizesT mentioned
in Section 4.2. Section 5.3 evaluates the impact of using different
S subcarriers on the accuracy mentioned in Section 4.4.2. Finally,
Section 5.4 evaluates accuracy of estimating the breathing rate
for WiCare when the monitored subjects undertake nine different
micro motions. A comparison with the state-of-the-art benchmark
is also presented.

5.1 Experiment Setup
We implemented a prototype of WiCare using off-the-shelf WiFi
devices. We specifically used two identical HP 8530p laptop equiped
with an Intel WiFi link 5300 802.11n chipset. One laptop acts as
the transmitter and the other one acts as the receiver. We installed
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Table 1: Related works in different activities for breath monitoring.

Activities Static Type Slide Phone Write Drink Head Read Remote
WiCare ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓

Others ✓ ✓ ✗ ✗ ✗ ✗ ✗ ✗ ✗
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(a) The closest subcarrier.
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(b) One ICA component.
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(c) Another ICA component.

Figure 8: The independent components of selected subcarri-
ers. The figure (a) shows one CSI sequence of the subcarrier
that has the minimum distance. The figure (b)(c) show the
two independent components. The component in the figure
(b) is expected to be selected as the true breath profile for the
breath rate calculation

Ubuntu 10.14withmodified Intel NIC driver [13] on bothHP laptops.
We set the driver to operate in injection mode, wherein packets are
transmitted using a pre-defined modulation and coding scheme to
ensure stable operation. Both laptops have 3 antennas (i.e. Nt = 3
and Nr = 3), which results in 30 (subcarriers) ×3 × 3 = 270 time
series data streams in the CSI data. The two devices were placed
on a table approximately one meter apart from each other and
the distance from the monitored individual to either laptop was
approximately 0.5 meter. The entire WiCare system depicted in
Fig. 4 was implemented in the laptop operating as the receiver.

The centre frequency of the WiFi channel is set to 5.51Ghz and
the bandwidth is 40 MHz. The transmitter is programmed to broad-
cast packets every 20ms (50Hz) to the receiver. The CSI data is
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Figure 9: Breath Rate Estimation

recorded at the receiver and analyzed as per the processes outlined
in Fig. 4 (and Section 4.1). The ground truth for the breathing rate
is measured by mounting a Genuino 101 board [1] equipped with a
3-axis accelerometer sensor to the chest of the monitored individual.
The peak detection method outlined in Section 4.4.4 is also applied
to estimate breath rate from the accelerometer data.

We asked the monitored individuals to perform the following
9 micro-motions while sitting: sit still, type on a keyboard, use a
tablet, play a game on a phone, write with a pen, drink a glass
of water, nod their head, read a book, use TV remote controller
(also listed in Table 1). Sitting still and typing on a keyboard involve
minimal motion.When a person is using a tablet, the primary action
is created by the hand used to interact with the tablet. Nodding
involves movement of the head. The remaining actions, i.e. drinking
water, reading a book, playing a game on a phone and using the TV
remote typically involves the movement of one or both hands, arm
and the head. These are typical activities performed by an individual
while sitting and relaxing in their home [20]. Prior research [7]
shows human beings have diversified breathing rates therefore we
recruited 5 participants and asked each participant to perform each
activity repeatedly for 5 minutes. The experiments were conducted
in an indoor environment where the existing WiFi network used
for Internet access was operational for the entire time. We also
implemented a system based on [17] as a benchmark, which we
refer to as TrackVitalSign in the rest of this section. This system
was designed to monitor the breathing rate of an individual while
they are sleeping. We use this in our comparison to show that this
approach is not effective when the monitored individual performs
certain actions.

We use the accuracy of breathing rate estimation as the evalua-
tion metric. Let fest imated refer to the estimated breathing rate by
the system being evaluated (i.e. WiCare or TrackVitalSign) and let
ftrue refer to the ground truth as measured by the chest mounted
sensor. Then we define the breathing rate is correctly estimated if
fest imated ∈ [0.9ftrue , 1.1ftrue ], which is similar to the approach
adopted in [19]. The results presented in the graphs are average
results. The standard deviation is also illustrated.
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Figure 10: Impact of the various window sizes
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Figure 11: Impact of the number of combined subcarriers

5.2 Effect of window size
We first evaluate the impact of changing the window sizeT of time
series of CSI data mentioned in Section 4.2. For this evaluation we
combine the data for all 9 micro motions from all 5 participants.
Fig. 10 shows the accuracy of the estimated breath rate for different
window sizes (from 20s to 80s). We observe a longer window size
tends to improve the estimation accuracy. However, a large window
size also increases the system latency. As can be observed from
Fig. 10, the improvement in accuracy beyond a window size of 60
seconds is very marginal. Thus, we choose to set T to 60 seconds
in the rest of the evaluations.

5.3 Effect of number of chosen subcarriers
Recall from Section 4.4.2, that WiCare selects a subset S of the
total subcarriers that best match the sinusoidal template of the
breath signal. In this section, we study the impact of including
different number of subcarriers (i.e. S) on the estimation accuracy.
Fig. 11 illustrates that the average accuracy is over 90% for different
number of subcarriers. However, we observe that the accuracy is
highest and the variance is lowest for 5 subcarriers. Thus, in the
rest of the evaluations we consider 5 subcarriers.

5.4 Breath rate estimation
Finally, we evaluate the accuracy ofWiCare in estimating the breath-
ing rate of an individual while they are performing certain micro
motions. We have selected a diverse set of activities for our tests
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Figure 12: Impact of 9 activities involvingmultiple body part
motions.

listed in Table 1. Fig. 12 presents the results for the 9 different mi-
cro motions. WiCare consistently achieves an average accuracy
of over 90%. In contrast, TrackVitalSign can only achieve compa-
rable performance for the static and typing micro-motions. The
accuracy drops significantly for most other motions, the accuracy
when the person is reading a book is only 10%. Fig. 13 presents
the cumulative distribution of the estimation errors across all ac-
tivities. WiCare achieves an estimation error of lower than 2bpm
error for the vast majority of experiments (80%). In contrast, Track-
VitalSign can only achieve comparable performance for the static
and typing micro-motions. In summary, WiCare can consistently
and accurately estimate the breathing rate even when the person is
undertaking a wide range of micro motions. This is an important
step towards realising continuous and long-term breath monitoring
of individuals in their natural environment.

6 CONCLUSION
Monitoring the respiration rate can contribute to early diagnosis of
chronic respiratory diseases. In this paper, we presented a system
called WiCare that is able to accurately estimate in-situ breathing
rate in a natural setting where the individual can perform various
micro motions. To distinguish breath from micro motions, WiCare
exploits curve fitting and DTW to identify certain specific subcar-
riers that capture the bulk of the imprint of breathing motions
because of multipath effect and frequency and spacial diversity of
MIMO systems. Next, ICA is used to precisely isolate breathing sig-
nals and a peak detection method is used to estimate breathing rate.
Extensive experiments demonstrate WiCare is able to accurately
identify breathing from micro motions and estimate breathing rate
with an average accuracy of over 90%. WiCare also outperforms
the state-of-the-art breath rate estimation method by up to 80%.
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