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A B S T R A C T   

The current SARS-CoV-2, better know as COVID-19, has emerged as a serious pandemic with life- 
threatening clinical manifestations and a high mortality rate. One of the major complications of 
this disease is the rapid and dangerous pulmonary deterioration that can lead to critical pneu-
monia conditions, resulting in death. The current healthcare system around the world faces the 
potential problem of lacking resources to assist a large number of patients at the same time; then, 
the non-critical patients are mostly referred to perform self-isolation/quarantine at home. This 
pandemic has placed new demands on the health systems world, asking for novel, rapid and secure 
ways to monitor patients in order to detect and quickly report patient’s symptoms to the 
healthcare provider, even if they are not in the hospital. While tremendous efforts have been done 
to develop technologies to detect the virus, create the vaccine, and stop the spread of the disease, 
it is also important to develop IoT technologies that can help track and monitor diagnosed COVID- 
19 patients from their homes. In this paper, we explore the possibility of monitoring respiration 
rates (RR) of COVID-19 patients using a widely-available technology at home – WiFi. Using the at- 
home WiFi signals, we propose Wi-COVID, a non-invasive and non-wearable technology to 
monitor the patient and track RR for the healthcare provider. We first introduce the currently 
available applications that can be done using WiFi signals. Then, we propose the framework 
scheme for an end-to-end non-invasive monitoring platform of the COVID-19 patients using WiFi. 
Finally, we present some preliminary results of the proposed framework. We envision the pro-
posed platform as a life-changing technology that leverages WiFi technology as a non-wearable 
and non-invasive way to monitor COVID-19 patients at home.   

1. Introduction 

Coronavirus is a large family of viruses that can infect people and spread among humans in many forms such as with MERS-CoV, 
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SARS-CoV, and now with the new virus SARS-CoV-2 (COVID-19) (C and Coronavirus Disease, 2020a). The clinical spectrum of 
COVID-19 infection appears to be wide, encompassing asymptomatic infection, mild upper respiratory tract illness, and severe viral 
pneumonia with respiratory failure and even death (Zhou et al. Gu). Pulmonary function, such as respiratory rate (RR), testing 
(Pulmonary Function Labora) is a way to measure the COVID-19 influences. Investigating the RR pattern and its relationship with 
COVID-19 symptoms is a hot topic nowadays (Ross, 2020). RR is the number of breaths a person takes per minute, which is usually 
measured when a person is at rest. RR simply involves counting the number of breaths for 1 min based on how many times the chest 
rises. RR may increase with fever, illness, and other medical conditions. For COVID-19 cases, RR is important to determine the pul-
monary activity of the patients as abnormal measurements may indicate patient deterioration (Tenhunen, Elomaa, Sistonen, Rauhala, 
& Himanen, 2013). 

Measuring RR usually involves the expertise of a health practitioner, so it is usually performed in the hospital. However, due to the 
clinical emergency caused by COVID-19, the RR and pulmonary function analysis of the diagnosed individuals increases the risk of 
contagious. The majority of patients do not present pulmonary distress initially, and healthcare providers have to make the difficult 
decision to send these patients back home and hope for their ability to engage in self-monitoring. According to the Center for Disease 
Control and Prevention (CDC), some patients with initial mild clinical presentation may worsen in the second week of illness (C and 
Coronavirus Disease, 2020a; Huang et al., 2020). Thus, patients whose pulmonary functions and RR have not been compromised and 
do not require hospitalizations should be monitored using tele-medicine tools while in self-isolation (Humphreys et al. Pantilat). 
Because of the high risk of diagnosed patients to develop severe respiratory distress, real-time RR monitoring of these patients is 
desirable. Even the Food and Drug Administration (FDA) has allowed the use of devices to monitor the patients vital signs remotely (O. 
o. t. Commissioner and Co, 2020). Unfortunately, there are limited tools available for real-time at-home monitoring, and mostly of 
them requires the use of wearable devices (e.g. watch, cuff, belt, etc.) or invasive technologies (like cameras). 

To avoid the inconvenience of using wearable and invasive devices to monitoring vital signs, some contact-free technologies have 
been proposed. The advantages of contact-free sensing include continuous monitoring even during the night. The patient does not need 
to be aware of the device itself during sleep, where wearable devices can be a disruption. Most of monitoring contact-free technologies 
are based on force sensors (Alaziz et al., 2016), load cells (Adami, Hayes, Pavel, & Singer, 2006), multi-channel infrared sensor-arrays 
(Brser, Kerekes, Winter, & Leonhardt, 2012), pressure sensors (Ni, Abdulrazak, Zhang, & Wu, 2010), vibration sensors (Clemente, 
Valero, Li, Wang, & Song, 2020), and ratio frequency (Chen et al., 2017). Among them, one of the most interesting technologies is ratio 
frequency (RF) because this technology leverages the propagation of electromagnetic (EM) waves that can be extracted from the WiFi 
technology that almost everyone has at home. Nevertheless, none of the current approaches using WiFi for RR estimation includes a 
complete framework to analyze the patient in real-time and transfer the information to a healthcare practitioner for immediate 
response. 

In this paper, we explore the possibility of monitoring RR on COVID-19 patients using a non-invasive, real-time and at-home 
technology. We propose Wi-COVID, a framework that uses the available WiFi signals generated by common-used equipment at 
home to monitor COVID-19 patients. Furthermore, using the at-home WiFi signals, we propose a non-invasive and non-wearable 
technology to monitor the patient and report the RR to the healthcare provider in real time. The proposed end-to-end framework 
includes: i) a platform for detecting and estimating RR using only information of the WiFi signal at home; and ii) a end-to-end system 
design for tracking real-time patient’s RRs for the healthcare provider. We summarize our contributions as follows: 

1. We provide a comprehensive review of the current WiFi-based available technology for monitoring vital signs and people’s ac-
tivities that can provide a novel approach to monitor patients.  

2. We explore the possibility of using the WiFi-based technology to monitor diagnosed COVID-19 patients who are performing self- 
isolation in real-time.  

3. We present preliminary results of the effectiveness of using WiFi-based information to extract RR and transmit the information to 
healthcare providers.  

4. We propose an end-to-end free infrastructure framework (Wi-COVID) for healthcare monitoring during pandemics as it is built 
upon the existing WiFi networks available indoor. 

The remainder of this paper is organized as follows. First, we discuss different approaches for WiFi monitoring in Section 2. Then, 
we introduce the proposed Wi-COVID framework in Section 3. The design of the WiFi-based system is represented in Section 4. We 
demonstrate preliminary results in Section 5.2. In Section 6, we describe the potential future directions. Finally, we draw our con-
clusions in Section 7. 

2. WiFi-based monitoring approaches 

Non-invasive or unobtrusive sensing is particularly interesting for the acquisition of health-related information. Among the various 
approaches to measuring health information, especially vital signs and activity recognition, wireless sensing has received increasing 
attention because of the ubiquitous deployment of wireless radio devices. In general, the WiFi signals are collected from the wireless 
WiFi module board using certain API software (Gringoli, Schulz, Link, & Hollick, 2019). 

WiFi-based acquisition and recognition techniques usually include one of three approaches: the use of radio signal strength (RSS), 
the use of channel state information (CSI), or the use of Frequency Modulated Continuous Wave (FMCW) information. RSS provides 
coarse-grained information about communication links (Yang, Zhou, & Liu, 2013) and can be measure using most wireless devices 
easily as the RSS collection is supposed by almost all wireless chips. RSS is a measurement of the power of the radio signal at the 
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received end. RSS-based approaches have been extensively studied and have achieved good performance to identify different activ-
ities; for instance object tracking and location (Wilson and Patwari, 2010a, 2010b; Xiang, Ji, & Zhang, 2018; Youssef, Mah, & 
Agrawala, 2007), driving behavior (Lv et al., 2017), crowd counting (Depatla & Mostofi, 2018), hand gesture recognition (Haseeb and 
Parasuraman, 1707), etc. However, as the RSS is coarse-grained and can be easily corrupted by multipath effect, these RSS systems 
often require a line-of-sight (LOS) transmission, resulting in a limited accuracy in indoor activity detection (Xu, Han, Wang, Wu, & Liu, 
2019). 

To improve the accuracy of WiFi sensing, CSI has become a good alternative. CSI contains more detailed information due to its high 
dimension structure, thus it can support fine-grained classification applications (Xu et al., 2019). CSI can be expressed as a complex 
matrix, where each entry represents the amplitude and the phase response of the signal transmission channel. Therefore, the amplitude 
of the CSI signal quantifies the signal power attenuation after the multi-path effect (similar to signal strength) (Xu et al., 2019). 
Multiple system has been developed on monitoring activities using variations and statistics of CSI; for example, small hands motions 
(Ali, Liu, Wang, & Shahzad, 2015; Tan & Yang, 2016), indoor human activities (Wang et al., 2014, 2017a; Wu et al., 2015; Zeng, 
Pathak, Xu, & Mohapatra, 2014), human behavior recognition (Wang et al., 2019), traffic monitoring (Won, Zhang, & Son, 2017), fire 
detection (Zhong et al., 2017), wheat moisture detection (Yang et al., 2018a), object distinction (Zou, Wang, Ye, Wu, & Ni, 2017), 
school violence monitoring (Zhou et al., 2017), etc. 

Another category of wireless passive sensing techniques relies on the FMCW information embedded in the received signals to track 
changes of reflected objects for motion detection or vital sign monitoring (Xu et al., 2019). ToF (Banin, Schatzberg, & Amizur, 2013) is 
a time-based range measurement protocol that aims to provide high accuracy positioning information. Some of the applications using 
ToF includes vital sign detection (Adib et al., 2015a; Zhang, Hu, Chen, & Zeng, 2019), gain patterns (Adib et al., 2015b; Raj, Chen, & 
Lipps, 2010; Tahmoush & Silvious, 2009), location (Adib et al., 2014, 2015c), etc. The main problem is ToF-based wireless sensing 
systems rely either on large sensing bandwidths (Nanani & Kantipudi, ; Zhu, Zhu, Zhao, & Zheng, 2015) or specially designed 
frequency-modulated continuous-wave signals (FMCW) (Adib et al., 2014, 2015a). Therefore, those ToF cannot be implemented on 
off-the-shelf WiFi devices and their ability of detecting multiple indoor events has not been studied yet. 

Here, we aim to present the currently available approaches to estimate vital signs, specifically RR (also known as breath rate) using 
different types of wireless sensing techniques, and propose a reliable framework for applying the best-fit technology for real-time 
monitoring of COVID-19 patients. Then, the following approaches are categorized into three groups: RRS-based, CSI-based, and 
ToF-FMCW based approaches for RR estimation. Fig. 1 shows an illustrative taxonomy of the investigations that have been done in this 
field. 

2.1. RRS-based approaches for RR estimation 

Initially, RRS-based methods were utilized to locate people inside buildings using static wireless networks to measure links RSS 
values (Kanso & Rabbat, 2009; Patwari & Agrawal, 2008; Woyach, Puccinelli, & Haenggi, 2006; Zhang, Ma, Chen, & Ni, 2007; Zhang & 
Ni, 2009). The location also can be done through walls (Maas, Wilson, & Patwari, 2013; Wilson & Patwari, 2010a, 2010b; Zhao & 
Patwari, 2011; Zheng & Men, 2012) using a variety of statistics of the measured RRS. Later multiple applications have been developed 
in the healthcare area. Patwari et al. (Patwari et al., 2014b) explored the use of RSS measurements on the links between wireless 
devices to identify where a breathing person is located and estimate RR in a home, while the person is sitting, lying down, standing, or 
sleeping. The main idea of RSS-based breathing location is based on the assumption that a link’s RRS measurement is sensitive to the 

Fig. 1. WiFi-based approaches for RR extraction.  
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breathing movement when a person breaths near the link line, and there is no more motion around. Furthermore, authors of (Patwari 
et al., 2014b) addressed the challenge of detecting breathing when the person occasionally moves by using a change detector across the 
links. For RR estimation, they used a method presented in their previous work (Patwari et al., 2014a), which calculates the power 
spectral density (PSD) over each link using the most recent samples, sums the PSD over all links, and estimates RR as the frequency at 
the maximum of the sum PSD. The main challenge faced was that usually the link that better measures chest movement is the link that 
measures other movements (motion interference). Therefore, the authors proposed a combination of Welchs t-test (Kay, 1993) and 
Wilcoxon rank-sum test (Wilcoxon, 1992), which are change-point detection methods. Their proposed method was to use the detected 
break-point indices to remove the mean from the raw RSS and use the residual RSS for RR estimation. Even though the method allows 
small movements, the reliability of the RSS links with large noise makes the method unstable for measuring respiration. 

More recently, some respiration monitoring systems based on commercial off-the-shelf transmitter-receiver were proposed. In 
(Patwari et al., 2014b), the RRS measurements of a network of transceivers are utilized for extracting RR, which was improved by 
(Kaltiokallio, Yiğitler, Jäntti, & Patwari, 2014) where RSS data from a single TX-RX pair can identify ones RR. The RSS, however, is not 
a sensitive indicator for reliably tracking minute chest movement. Exhaling and inhaling causes very small changes in RSS and these 
changes can be easily polluted by other factors and environmental noise. Abdelnasser et al. (Abdelnasser, Harras, & Youssef, 2015) 
proposed a full architecture for extracting breathing signals from noisy WiFi RSS. Various challenges were addressed like noise 
elimination, interfering with humans, sudden user movements, as well as detecting abnormal breathing situations. The framework 
claims the detection of apnea situations with more than 96% of accuracy. The framework includes a breathing signal extractor, which 
relies on frequency spectrum obtained by applying fast Fourier transformation (FFT) to a sliding window of the WiFi raw signal and a 
bandpass filter to limit the frequencies to those within the range of the normal human breathing (between 0.1 and 0.5 Hz) (Lindh, 
Pooler, Tamparo, Dahl, & Morris, 2013). RR (r̂) is finally estimated as the frequency with the maximum magnitude in the human RR 
range as shown in the equation: 

r̂ = argmax
rmin≤r≤rmax

|FFT(x1..n)| (1)  

where rmin is the minimum RR, rmax is the maximum RR, and x1..n are the RSS values in the current sliding window. Once the breathing 
is estimated, a RR extractor is applied by fusing different overlapping consecutive windows in order to obtain a stable consecutive 
reading. The authors in (Abdelnasser et al., 2015) also developed a method for detecting apnea using the extracted RR. To do so, they 
applied a discrete wavelet transform (DWT) and a thresholding method. 

Even though RR was extracted with RSS-based WiFi information, because RSS is coarse-grained, it has multiple limitations. For 
instance, in the previous works, the accuracy can be diminished and corrupted by the multipath effect. In wireless sensors, due to 
reflections, multiple copies of the same signal arrive at the receiver, each undergoing different delays and attenuations. This effect is 
known as multipath (Sen, Lee, Kim, & Congdon, 2013). For this reason, the RSS-based sensing system often requires a line-of-sight 
(LOS) transmission, which means the person has to be closer to the LOS system, resulting in a limited accuracy in indoor activity 
detection. The RSS, however, has found to be insensitive for reliably tracking the minor chest movement due to respiration, as the RSS 
changes caused by exhaling and inhale are so small that they can be easily submerged by environmental noise (Liu, Cao, Tang, Wen, & 
Guo, 2015). 

2.2. CSI-based approaches for RR estimation 

While the RSS-based methods are found to be workable only when the subject stays close to the LOS, the CSI-based methods seem 
more appealing as they can capture the subjects RR from a distance, making it viable for long-term RR monitoring. In general, the CSI- 
based methods can be classified into three categories: 

2.2.1. Phase-based CSI 
Phase-based methods exploit the phase information of the signal. In 2019, Zhang et al. (Zhang et al., 2019) proposed a contact-free 

breath tracking system, BreathTrack. Authors used a Hampel filter, an FIR high pass filter (cut-off frequency is 0.05 Hz) in order to 
eliminate low-frequency noise and avoid phase distortion. Also, authors adopted an AoA-TOF sparse recovery method to obtain the 
phase variation of attenuation coefficient and acquire respiratory state and RR. Zhang et al., (Zhang et al., Liu) presented the model, 
design, and implementation of a sleep monitoring system that exploits ambient radio signals to recognize sleep stages and assess sleep 
quality including RR by setting up one single link between two commodity radios. Authors adopted a statistical approach by examining 
the auto-correlation function (ACF) of CSI power response, which significantly shortens the time delay and produces the instantaneous 
estimation. Based on the calculated ACF, the approach first detects the presence/absence of breathing. Then, if present, it estimates RR 
by extracting following features: peak prominence, peak amplitude, motion interference ratio, and peak location. In general, the larger 
the motion statistic, peak prominence, peak width, peak amplitude and the smaller the motion interference ratio, the more likely is the 
presence of the breathing signal. Once there is a breathing signal, RR can be estimated as RR = 60/τ̂, where ̂τ is the location of the first 
dominant peak. 

The phased-based CSI methods assume only one person in the observation area, as the spatial resolution of these systems is too low 
to distinguish the RF signals reflected by multiple users. In addition, note that (Zhang et al., 2019) argued that the method (Wang et al., 
2017b) that utilizes the phase difference between antennas to eliminate phase distortions introduced in the internal circuit is inac-
curate. Because the phase of measured CSI on all antennas are affected by the minor displacement caused by breath, phase difference 
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between antennas is actually the subtraction of two periodic signals instead of the real respiratory movements. 

2.2.2. Spectrum-based CSI 
It is the most common used method for extracting respiration with CSI-based WiFi approach. In 2017, Chen et al. (Chen et al., 2017) 

introduced TR-BREATH, a contact-free breathing monitoring system leveraging time-reversal (TR) technique that detects and monitors 
multi-person breathing utilizing the CSIs obtained from off-the-shelf WiFi devices. TR-BREATH could capture the minor but periodic 
variations in CSIs caused by breathing. Authors of (Schmidt, 1986) used Root-MUSIC algorithm to achieve highly accurate RR esti-
mations within 10 s. The method consists on 1) calculating the time-reversal resonating strength (TRRS) (Wang, Wu, Han, Yang, & Liu, 
2011); 2) analyzing the calculated TRRS with the Root-MUSIC (Rao & Hari, 1989) to produce RR candidates; 3) deriving key statistics 
based on these candidates to facilitate breathing detection; 4) estimating the multi-person RRs via affinity propagation (Frey & Dueck, 
2007), likelihood assignment, and cluster merging; and 5) formulating an estimation on the number of people based on the cluster 
likelihoods. 

Later, in 2018, Yang et al. (Yang et al., 2018b) applied the Hampel filter (Davies & Gather, 1993) and wavelet filter (Villasenor, 
Belzer, & Liao, 1995) on the CSI series to remove outliers and high-frequency noises. Then, RR is estimated by performing FFT on all 
the CSI streams targeting frequencies between 0.1 Hz and 0.6 Hz. They applied the technique to study the problem of multi-person 
sleeping respiration monitoring using CSI-based method and COTS WiFi devices. They employed one transmitting (Tx) and two 
receiving antennas (Rx1 and Rx2), forming two pairs of transceiver antennas (Tx-Rx1 and Tx-Rx2). Each transceiver antennas pair 
creates a series of concentric Fresnel zones. However, two or more persons in the room have to breathe in different rates and be near to 
the Fresnel zones to be detected. 

Wang, Zhang, Wu, Wang, & Liu, (Wang et al., Lu) proposed a continuous RR tracking system of multiple persons using the CSI of a 
single pair of commercial WiFi devices. The authors eliminated assumptions like a fixed number of people in the area of interest. 
Authors proposed three steps: 1) multi-user breathing spectrum generation; 2) RR trace tracking; and 3) people counting and 
recognition. For RR extraction, they first applied a short-term Fourier transform (STFT) on CSI measurements to extract periodic 
breathing signals. If multiple people in the room, different frequency responses will be observed as people breathe at different rates. 
They applied an adaptive sub-carrier combining method to make the signals stronger and provide a spectrogram of the estimated RRs 
over time. Lately, in 2020, Wang et al. (Wang, Zhang, Wu, Wang, & Liu, 2020) also present a calibration-free remote vital sign 
monitoring system that can simultaneously monitor multiple users by leveraging CSI of 60 GHz WiFi. They applied a spectrum analysis 
as the breathing signal is periodical. To utilize a correct window size at the signal for frequency resolution, the authors adopted a 
statistical approach by examining the ACF of the candidate CSI phase. Purely spectrum-based CSI methods require a large delay (e.g., 
more than 30 s) to gain better frequency resolution, and cannot observe immediate RR changes, since RR is assumed to be constant 
within the time window. 

2.2.3. High-resolution spectrogram based CSI 
For effective RR estimation, we propose a high-resolution spectrogram based CSI approach for the Wi-COVID framework. The 

proposed approach combines advanced signal pre-processing techniques to effectively extract the target signal component, and the 
high resolution spectrogram to obtain an accurate and dynamic RR estimation. The proposed flowchart is displayed in Fig. 2, and more 
details are discussed in this subsection. The CSI signal processing consists of the following steps: (1) Obtaining CSI signal magnitude; 
(2) Removing outliers by the Hampel identifier (Liu, Cao, Tang, Wen, & Wi-sleep, 2014), and using a bandpass filter with cut-off 
frequencies of 0.2 Hz and 0.4 Hz to suppress the noises; (3) Using principal component analysis (PCA) to extract respiration 
component, and then applying high resolution spectrogram to extract the instantaneous frequency of the respiration component to 
estimate RR; (4) Calculating the shortness of breath indicators in both time and frequency domains to evaluate the COVID-10 
symptoms. 

The first step of CSI processing is to remove the noise interference. There could be abnormally sudden changes in the collected CSI 
data due to equipment and environment. We propose to use the Hampel filter to suppress the strong abnormal amplitudes, following 
Wi-Sleep (Liu et al., 2014) and WiHACS (Chowdhury, Leung, & Miao, 2017). The noise, especially amplitude outliers, will be wiped out 
and replaced by the moving average of their neighboring data samples. Besides, the Hampel filter could also remove the impacts of 
invalid CSI data samples caused by the sensing or data transmission. Note that if after the Hampel filter, there are still noises left, a 
classic moving average filter can be applied to smooth the data (Dixon and Massey). After removing the outliers, a bandpass filter is 
applied, which is an ordinary method that only allows signal components between certain frequency bands to pass. Since human 

Fig. 2. Wi-COVID algorithm flowchart of the CSI based RR estimation and shortness of breath for COVID patient monitoring.  
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respiration activities fall into a specific frequency band of the CSI signals, the bandpass filter can effectively wipe out low-frequency 
and high-frequency noise interferences (Tataraidze, Olesyuk, & Pikhletsky, 2019). Note that in our study, we set up the analysis 
frequency band between 0.2 Hz and 0.4 Hz, which is a typical frequency range for human respiration (Clemente et al., 2020; Li et al., 
2018a). 

As indicated in A, CSI data have multiple channels from different sub-carriers. The respiration movements are hidden in the high 
dimensional data matrix. In order to extract the respiration related signal component, we propose to use the PCA technique (Gao, Lu, 
Li, & Jiang, 2013; Wold, Esbensen, & Geladi, 1987), which is a latent space projection method. The principle component calculated by 
PCA can represent the primary data features. Besides the data dimensionality reduction, the utilization of PCA can also enhance the 
data processing efficiency. In addition, in CSI-based human activity analysis, PCA can also be used for noise suppression and data 
redundancy reduction, e.g., Wi-Wri (Cao, Chen, & Zhao, 2016), WiHACS (Chowdhury et al., 2017), etc. Here, we use PCA to extract the 
principal respiration features, but in the meantime, various noises are removed as a side benefit. 

Before introducing the high-resolution spectrogram, we first define the respiration related signal expression. The target non- 
stationary biomedical signal f(t) can be defined as a summation of K oscillatory modes (Li et al., 2018b, 2019): 

f (t)=
∑K

k=1
αk(t)sk(2πNkφk(t)) + σ(t)r(t), (2)  

where, αk(t) is the instantaneous amplitude (IA), Nkφk(t) is the instantaneous phase (IP) whose derivative is the instantaneous fre-
quency (IF), {sk(t)}1≤k≤K are 2π-periodic and zero-mean wave-shape functions with a unit norm in L2([0,2π]), σ is a slowly varying 
smooth function and r(t) is a random residual describing the noise. Note that the respiration component can be viewed as one 
oscillatory mode of the obtained CSI data. More specifically, in the pre-processed results, the respiration mode can be the primary 
mode. 

To estimate RR, i.e. the IF of the respiration component, a time-frequency (TF) representation, e.g. STFT (Korany, Karanam, Cai, & 
Mostofi, 2019), can be utilized. As a classic TF representation, STFT expression can be given as: 

V(h)
f (t, ξ)=

∫

f (τ)h(τ − t)e− i2πξ(τ− t)dτ, (3)  

where, h is the window function, t indicates time, and ξ indicates frequency. This equation means that a short moving window is 
applied to the target signal f and the Fourier Transform is applied to each instance of the moving window to estimate the frequency 
components, resulting in a TF domain spectrogram. 

Although as a classic TF method STFT has been widely applied, STFT has a relatively low TF resolution because of the uncertainty 
law (Lu & Li, 2013; Liu et al., 2017, 2020). However, for the dynamic RR estimation, we need to have a superior TF resolution to obtain 
an accurate estimate. To improve the TF resolution, a lot of efforts have been carried out, such as the wavelet synchrosqueezed 
transform (WSST) (Yang, 2015). In Section 5.2, we use real CSI data to demonstrate the TF resolution difference between STFT and 
WSST. The WSST which is a frequency reassignment method based on STFT (V(h)

f (t,ξ)) can be defined as (Yang, 2015): 

SV(h,υ)
f (t, ξ)=

∫

V(h)
f (t, η) 1

α g

(
⃒
⃒
⃒ξ − Ω(h,υ)

f (t, η)
⃒
⃒
⃒

α

)

dη, (4)  

where Ω( ·) denotes the frequency reassignment vector. 
In principle, the respiration component is more periodic in the rest mode than other interference. Thus, the target respiration 

component will form an energy ridge in the given spectrogram along the time with the slightly various frequency. Therefore, we 
propose to extract the traces of successive RR component, which concatenates over both time and frequency in the given TF domain. 
For a given WSST spectrogram SV defined in Eq. (4), a reasonable estimate of the respiration component can be obtained by 

g*= argmax
g

E(g), (5)  

where g indicates the respiration component, denoted as g := (g(n),n)I
n=1 is a mapping indicating the frequency component of the trace 

at the given time. E(g) is the power of the processed CSI data, defined as 

E(g)=
∑I

i=1
SV(i, g(i)), (6)  

where SV(i, j) denotes the WSST spectrogram at time bin i and frequency component j. 
Assuming RR does not fluctuate a lot over a short period, a regularization term, e.g. a cross-entropy based criterion, can be applied 

to penalize sudden changes in frequencies of interests, in order to improve the temporal smoothness. Then, the optimal respiration 
component (energy ridge) can be extracted by solving the following problem: 

g*= argmax
g

E(g) − λC(g), (7) 

F. Li et al.                                                                                                                                                                                                               



Smart Health 19 (2021) 100147

7

where λ is a regularization factor of the penalized energy C(g) (Wang et al., Liu). 
Finally, we define the shortness of breath indicators in the time domain I1 and frequency domain I2. The time domain indicator 

characterizes the extracted respiration component local minimums and maximums following: 

I1 =

∑
i,j∈W,i∕=j

⃒
⃒maxi − maxj

⃒
⃒+
∑

i,j∈W,i∕=j

⃒
⃒mini − minj

⃒
⃒

Ω
, (8)  

where, max and min represent the local extrema, i.e., peaks and troughs of the respiration oscillation. W denotes the analysis window, 
and Ω is a factor to balance the amplitude variation. If there is no obvious amplitude change, I1 will be relatively small to indicate a 
smooth respiration, while sudden amplitude changes will significantly change I1. 

The frequency indicator leverages the gray level co-occurrence matrix (GLCM) (Qi, Lin, Zhao, Li, & Marfurt, 2016; Zou, Wang, Li, & 
Song, 2018) of the spectrogram. The GLCM entropy characterizes the complexity of the image texture, so we use it to analyze the 
spectral variations as: 

I2 = −
∑n− 1

i=0

∑n− 1

j=0
p(i, j)logbp(i, j), (9)  

where n and b are the number of gray levels and the base of the logarithm function, respectively. p(i, j) stands for the probability of two 
pixels separated by the specified offset having intensities i and j. If there is no obvious frequency variation, I2 will be relatively small 
because the spectrogram has a low complexity, vice versa. 

2.3. FMCW-based approaches for RR estimation 

The frequency modulated continuous wave (FMCW) has been first used to detect human respiration using acoustic signals by 
measuring the chest movement displacement during breathing (Nandakumar, Gollakota, & Watson, 2015). Adib et al. (Adib et al., 
2015a) introduced Vital-Radio, a wireless sensing technology that monitors breathing and heart rate. The approach exploits the fact 
that wireless signals are affected by motion in the environment, including chest movements due to inhaling and exhaling and skin 
vibrations due to heartbeats. Specifically, it transmits a low-power wireless signal and measures the time it takes for the signal to reflect 
back to the device. The reflection time depends on the distance of the reflector to the device, and changes as the reflector move. Based 
on this idea, the approach uses a radar technique called FMCW to separate the reflections arriving from objects into different buckets 
depending on the distances between these objects and the device. In theory, the procedure in (Adib et al., 2015a) consists on 1) isolate 
reflection from different users and eliminate reflections that come from furniture or walls using FMCW as a filter; 2) identifying re-
flections involving RR and heart rate by determining different travel distances from the device and measuring the resulting variations 
in the phase of the reflected signal. If period variations are obtained, they assume respiration or heart, depending on the frequency; and 
3) extracting the RR and heart rate by performing an FFT. The peak at the output of the FFT will correspond to the dominant frequency, 
which they assume to be the RR. However, the above approach requires specialized and expensive hardware and cannot give precise 
estimation if the two persons are too close to each other. 

Later, Arsalan et al. (Arsalan, Santra, & Will, 2020) tried to improve the RR and heartbeat estimation with FMCW Radar. To 
enhance the stability and accuracy of the detected RR and heart rate, the authors used a Kalman filter-based tracking of the heartbeat 
signal. After providing an initial rough estimation, the applied bandpass filter bandwidth is successively narrowed down, and the filter 
limits are steadily updated to the current heart rate of the target. Measurement segments with random body movements are auto-
matically identified and consequentially ignored for the Kalman filter update. However, the approach was not directly applied to 
signals coming from WiFi and complicated apparatus to be used. 

In general, FMCW-based WiFi approaches require specially design transmission signals, high sounding rate and large antenna 
arrays, huge transmission bandwidth (over 1.7 GHz), cannot be integrated with a commercial WiFi, and device calibration and 
specially design hardware required (Xu et al., 2019). For those reasons, the FMCW-based approach is not suitable for long-term 
monitoring and its complicated setup is infeasible for patient supervision. 

3. Framework Overview 

COVID-19 has raised huge challenges to the healthcare system around the world. Countries like China, Italy, and the United States 
have witnessed that the pandemic overwhelms their hospitals and posts a critical problem to assist thousands of patients at the same 
time. To reduce the burden on health-care systems, patients with COVID-19 are triaged based on the severity of the disease, so mild and 
asymptomatic cases are treated at home unless rapid deterioration occurs (Home care for patients wi). Being able to monitor real-time 
RR remotely using noninvasive sensing can provide more accurate alerts of sudden changes and potentially identify patient deteri-
oration. In this section, we present an overview of the WiFi-based real-time sensing along with tele-health using a Cloud, called 
Wi-COVID, that can monitor symptoms and warning signs in COVID-19 patients. Wi-COVID will potentially reduce face-to-face 
contacts and enable better management via early detection. If RR deteriorates, the data sent via a secure Cloud platform can 
enable healthcare practitioners to perform effective general population triage such as placing patients under self-isolation, transferring 
patients to hospitals, managing high-risk population even if they do not present symptoms, etc. 

Wi-COVID framework consists of three layers as shown in Fig. 3. The layers provide abstraction in the recognition process as we can 
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separate the signals from the WiFi devices in the “sensing layer” using a commercial device like Raspberry PI, process and estimate RR 
from the CSI signals using the proposed method introduced in Section 2.2.3 in the “processing layer” using the Cloud, and provide real- 
time visualization and alerts using a stream database and powerful visualization (like Grafana tool (Clemente et al., 2020)) in the 
“monitor layer”. 

3.1. Sensing layer 

The sensing layer of Wi-COVID framework is composed by a off-the-shelf WiFi device and a Raspberry Pi that acts like a WiFi Access 
Point (AP). As it is going to be explained in Section 4.1, we utilize BCM43455C0 WiFi chip used in Raspberry Pi 4 for extracting CSI of 
OFDM-modulated Wi-Fi frames (802.11n) on a per frame basis with up to 80 MHz bandwidth. In Fig. 3, this is called WiFi AP. In 
general, the WiFi AP signals can be collected using certain API software (Gringoli et al., 2019), such as Nexmon (Schulz, Wegemer, & 
Hollick, 2017). 

For the RR extraction of COVID-19 patients, the person has to be in the cover area of the WiFi and in a resting mode (either sleeping 
on a bed, or setting, or standing without walking). The phase of the data batches is accurate enough to discern the small body 
movements caused by respiration. If the person is located in the next room with a wall in the middle, we are still able to get the RF 
signals, and some filters, like Hampel filter (Davies & Gather, 1993), are needed to remove outliers and superfluous information. The 
information is gathered using a Raspberry Pi 4 on each scenario, which guarantees a cheap way to process WiFi information. Once the 
information from the CSI is extracted, the device is ready to process the RR extraction. Note that all the methods to extract respiration 
are done in-situ, which means that the processing is made inside the Raspberry Pi. 

3.2. Processing layer 

Once the CSI information has been extracted, the device perform the proposed method explained in Section 2.2.3 to estimate RR. 
RR is extracted continuously from the information come from CSI and the results are sent to a Cloud for visualization. We use InfluxDB 
(Naqvi et al. Zimányi) database to save the information. The transmission process is done in secure way by utilizing HTTPS API of 
InfluxDB. The idea of using InfluxDB allows to store stream data in a simple way and can be visualized with standard tools like Grafana 
(Beermann et al., 2020). In this type of setup, the framework allows to collect data from different rooms or houses to the same database, 
and it allows to visualize multiple users at the same time, which extend the functionality of the system. 

Fig. 3. Wi-COVID framework overview.  
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3.3. Monitor layer 

Because results of the patient RR are stored in the Cloud, the healthcare provider can access patient’s information in real-time. 
Furthermore, we have utilized the Grafana visualization to allow the provider to set up alarms when the RR passes certain thresh-
olds. When Grafana detects an “unusual” respiration value, it triggers an alarm in the dashboard which allows the healthcare provider 
to visualize the current status of the patient. Moreover, the practitioner can visualize the past data by selecting the date range. Then, 
the framework allows to visualize both current RR and historical information, which helps the decision making process. Fig. 4 
demonstrates the monitor layer showing three different patient’s RRs obtained by Wi-COVID. 

4. Prototype system 

In this section, we explain the hardware and software used for the Wi-COVID implementation. In order to make Wi-COVID 
economically attractive, instead of complicated devices or the use of laptops to capture the signals, we propose the use of a simple 
Raspberry Pi that will act as an kind of access point. In the software side, we use open-source codes for implementing the CSI processing 
in the Raspberry Pi. 

4.1. Hardware 

Nexmon firmware patching framework (Schulz et al., 2017) was proposed to enable researchers access to lower-layer frame 
processing and advanced physical-layer functionalities on Broadcom WiFi chips. It allows users to create firmware modifications for 
embedded ARM processors using C code. Currently, the framework supports Raspberry Pi implementations. We used Nexmon to 
extract CSI of OFDM-modulated WiFi frame 802.11n on a per frame basis with up to 80 MHz bandwidth on the Broadcom WiFi chip of 
the Raspberry Pi. Then, our implementation is simpler than others as we only need a off-the-shelf WiFi router and a Raspberry Pi. 

4.2. Software specification 

Multiple software and packages were used to develop Wi-COVID framework. In this section we mention the different integrated 
software applications used for the proposed framework. 

4.2.1. Software to extract CSI 
As mentioned, we use the Nexmon framework to read CSI. Each User Datagram Protocol (UDP) packet containing collected CSI has 

10.10.10.10 as the source address and is destined to 255.255.255.255 on port 5500. The payload starts with four magic bytes 0 ×
11111111, followed by the six byte source mac address as well as the two byte sequence number of the WiFi frame that triggered the 
collection of the CSI contained in this packet. The next two bytes contain core and spatial stream number where the lowest three bits 
indicate the core and the next three bits the spatial stream number, e.g. 0 × 0019 (0b00011001) means core 0 and spatial stream 3. The 
chanspec used during extraction can be found in the subsequent two bytes. After two bytes identifying the chip version, the actual CSI 
data follow. 

4.2.2. Software to estimate RR 
Inside the device (Raspberry Pi), we use the Python code to analyze the Wi-COVID data and estimate RR. The extracted respiration 

Fig. 4. Monitor layer for RR obtained by Wi-COVID.  
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is send to a Cloud database using a HTTPS service. The used database is InfluxDB (Naqvi et al. Zimányi). InfluxDB is an open-source time 
series database developed by InfluxData (InfluxOpen Source Time). It is written in GO and optimized for fast, high-availability storage 
and retrieval of time series data in fields such as operations monitoring, application metrics, Internet of Things (IoT) sensor data, and 
real-time analytics. 

4.2.3. Software to monitor and alert patient’s condition 
Once the RR information is stored in InfluDB, we use Grafana (Beermann et al., 2020) for visualization. Grafana is a multi-platform 

open source analytics and interactive visualization web application. It provides charts, graphs, and alerts for the web when connected 
to supported data sources. It is expandable through a plug-in system. End users can create complex monitoring dashboards using 
interactive query builders. We configure alerts inside Grafana to notify users in real-time when RR is abnormal. The anomaly in this 
case is defined as bypassing the lower threshold or the upper threshold that would trigger an alert when the counting on the respiration 
(RR) measurements. The alert helps the healthcare provider to visualize the real-time and historical data of the specific patient. 

5. Evaluation 

In this section, we present the preliminary results of the Wi-COVID implementation using a WiFi sensing and a Raspberry Pi, which 
provides an easy installation and a cheap alternative for COVID-19 patients and healthcare practitioners. 

5.1. Experiment setup 

COVID-19 patients with few, mild or no symptoms are typically instructed to perform self-quarantine at home. According to the 
CDC self-quarantine protocol (C and Coronavirus Disease, 2020b), if the COVID-19 diagnosed person is living with other people in the 
same house, this person needs to be isolated in a separate room. Following this guidance, we setup our experiment in a room with a 
WiFi sensing and Raspberry Pi as shown in Fig. 5. 

CSI describes how an RF signal propagate from the TX(s) to the RX(s) and reveals the combined effect of, for instance, scattering, 
fading, and power decay with distance. With commodity WiFi Network Interface Cards (NICs), a group of 30 sub-carriers measure-
ments can be revealed to upper layer users in the format of CSI. Each CSI depicts the amplitude and phase of a sub-carrier. Fig. 6 shows 
the amplitudes of CFR from three antennas, between 15 s and 30 s. From the CFR amplitudes of Antenna 1, we can clearly see some 
ripple-like pattern, which we will shown soon corresponds to the movement of chest. Likewise, the breath caused signal ripples can 
also be observed in the CFR amplitudes of Antennas 2 & 3. In the next subsection, we process the CSI data using the proposed method in 
Section 2.2.3 to get the RR estimate. 

5.2. Preliminary results 

Based on the findings shown in Fig. 6, the CFR amplitudes of CSI data are taken as the input for monitoring RR. In this section, we 
describe how the CSI data are processed for tracking RR step by step. 

The first step is to remove outliers. In the collected CSI data, there are some abrupt changes of CFR amplitudes that are obviously 
not caused by the movement of human chests, but the noise interference. Fig. 7a shows the CFR from all the 30 sub-carriers of Antenna 
3 from Fig. 6. It can be seen that there are some significant abrupt change points of the CFR in some or all sub-carriers, e.g. 21 s, 25 s 
and 30 s, which are outliers and must be eliminated. We utilize the Hampel identifier (Liu et al., 2014) on all the 30 sub-carriers. Fig. 7b 

Fig. 5. Wi-COVID experiment setup for COVID-19 self-quarantine patients.  
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shows the results after all the identified outliers have been removed, indicating that the Hampel identifier performs very well. In order 
to further smooth the CSI data, we apply a moving average filtering and obtain the filtered results shown in Fig. 7c, where the noise has 
been significantly reduced. 

After the outlier removal and noise reduction, we apply the bandpass filter to extract the respiration component, as shown in Fig. 8. 
Now we can observe the respiration oscillations very clearly. However, because of the different spatial placements of the antenna 
arrays, each channel represents different CSI information propagated from different paths. This is the reason that though they are 
representing the same information, the CSI channels do not fully overlap on each other in Fig. 8. Therefore, we apply PCA to extract the 
principal signal component. Fig. 9 shows the extracted respiration component, where we can observe the chest movement pattern 
clearly. 

To obtain the IF of respiration component, we calculate the STFT and WSST spectrograms, which are shown in Figs. 10 and 11, 
respectively. It is clear that the WSST representation has a superior TF resolution, which is beneficial for an accurate IF estimation. 
Using the energy ridge extraction method defined in Eq. (7), we can obtain the dynamic IF of respiration component. Then RR = IF× 60 
bpm. Need to mention, alternatively, applying the FFT to the extracted respiration component can also generate the spectrum as shown 
in Fig. 13. However, it is clear that the FFT spectrum has a low resolution and carries much less information than the spectrogram, 
especially the temporally instantaneous information (Fig. 12). 

To evaluate the shortness of breath indicators, we demonstrate another example in Fig. 14. The participant pretends to have a 
shortness of breath between 20 s and 22 s. Then, the corresponding bandpass filtering results, respiration component extraction result, 
and the WSST spectrogram are shown in Fig. 15. Comparing Figs. 9 and 15b, we can observe that when there is a shortness of breath, 

Fig. 6. The channel frequency response (CFR) amplitudes from Antennas (a) 1, (b) 2, and (c) 3.  

Fig. 7. (a) The original CFR from all 30 sub-carriers of an antenna. (b) The CFR after the outlier removal using the Hampel filter. (c) After moving 
average filtering. 

Fig. 8. 30 CFR sequences after using the bandpass filter.  
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the amplitudes generate noticeable variations. I1 = 2.75 for Fig. 9, while I1 = 7.2 for Fig. 15b. Next, comparing Figs. 11 and 15c, it is 
clear that the spectral energy concentrates more in the first example. Quantitatively speaking, I2 = 0.453 for Fig. 11, while I2 = 2.504 
for Fig. 15b. As we defined in Section 2.2.3, the smaller of the shortness of breath indicators, the smoother of the respiration. Thus, the 

Fig. 9. The extracted principal signal component using PCA.  

Fig. 10. Time-frequency distribution using STFT.  

Fig. 11. Time-frequency distribution using WSST.  

Fig. 12. Instantaneous frequency extraction from WSST.  
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preliminary results validate our proposed approach. Please notice that these are just preliminary results, and the criteria will be 
adjusted in the future to better differentiate normal breath and shortness of breath based on a larger dataset with more training data. 
Note that we adopt signal processing metrics to describe the breath shortness instead of the machine learning or deep learning models 

Fig. 13. Peak frequencies estimated from FFT spectrum.  

Fig. 14. Another example of the CSI processing following the same sequence of Fig. 7.  

Fig. 15. (a) bandpass filtering results, (b) respiration component extraction result, and (c) WSST spectrogram calculated from the CSI data shown 
in Fig. 14. 

Table 1 
Comparison of features between Wi-COVID and other approaches.  

Feature Proposed Work CSI extraction Respiration 
estimation 

Shortness breath alert In-situ Computing Devices for AP 

Wi-COVID Yes Yes Yes Yes Raspberry PI 
Chen et al. (Chen et al., 2017) Yes Yes No Yes Cards in laptops 
Zhang et al., (Zhang et al., Liu) Yes Yes No Yes Special WiFi routers 
Wang et al. (Wang et al., 2020) Yes Yes No No Qualcomm 60 GHz chipset 
Wang et al., (Wang et al., Liu) Yes Yes No Yes Laptops 
Zhang et al. (Zhang et al., 2019) Yes Yes No No Antennas 
Yang et al. (Yang et al., 2018b) Yes Yes No Yes Laptop  
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because of the lack of training data and labels. In the future, more advanced methods can be developed with more avaible data. 

5.3. Our advantages 

Compared with other current approaches, Wi-COVID is the only one that uses simple and inexpensive devices to estimate RR from 
WiFi signals. Currently, Wi-COVID is the only solution that can alert shortness of breath to help to alert healthcare providers. In 
Table 1, we present the desirable features of a framework for monitoring COVID-19 patients in self-quarantine. The characterized 
features include:  

• CSI extraction: Using WiFi signals and extracting CSI information are desirable. And it is possible to use off-the-shelf devices for 
monitoring respiration (breathing).  

• RR estimation: The approach necessarily needs to measure respiration in order to determine the patient’s condition. 
• Shortness breath alert: The approach needs to generate an alert when alteration on breath occurs during monitoring. These al-

terations may indicate patient deterioration.  
• In-situ computing: To make the approach light and save bandwidth during computation, it is required to perform the heavy tasks 

directly in the pervasive device, for example, the CSI feature extraction and the RR estimation.  
• Device for AP: The type of device used should be accessible and inexpensive for the final user, in this case, the COVID-19 patient. 

6. Future directions 

There are several possible improvements in our system can be made in the future. So far, we have proved that our framework is able 
to successfully extract RR for COVID-19 analysis. The potential of Wi-COVID for monitoring RR on COVID-19 patients is broad. Our 
next step is to deploy the framework inside COVID-19 patients’ houses to transmit the information directly to the healthcare provider. 
Also, we are going to work directly with doctors and nurses to identify potential respiratory warnings that can be an indicator of patient 
deterioration. Also, we plan to incorporate a contactless alert system, which sends emails, text messages, and even GOOGLE HOME or 
AMAZON ALEXA messages when the shortness of breath symptom appears. 

7. Conclusion 

In this paper, we present Wi-COVID, a framework to monitor respiratory rates (RR) of COVID-19 patients using a non-invasive, real- 
time, and at-home technology. The proposed framework uses the available WiFi signal generated by common-used equipment at home 
to monitor COVID-19 patients. Using the at-home WiFi signals, we propose a non-invasive and non-wearable technology to monitor the 
patient and communicate RR to the healthcare provider in real-time. We have presented a comprehensive review of the current 
methods for extracting RR using WiFi signals. Then, we present a new methodology for extracting RRs from CSI using high-resolution 
spectrogram method. In our methodology, we apply a signal pre-processing of the CSI using an outlier removal and a noise reduction 
method. Then, the RR estimation is made by applying PCA and a high-resolution time-frequency spectrogram method. Finally, the 
shortness of breath is estimated with statistics and frequency variation methods. All the estimations are done using a Raspberry Pi 
board with WiFi capabilities. The results are transmitted in real-time to a Cloud server where we configure a visualization tool that 
allows the medical practitioner to monitor the patient in real-time and verify current and historical respiration values. We have 
demonstrated that our current setup can extract the RR under self-quarantine and self-isolation circumstances. 
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A. CSI Basics 

CSI is a metric that describes the channel properties of wireless communication links and the quality of the wireless channel. In the 
frequency domain, the CSI matrix can be defined as: 

Y =H × X + N, (A.1)  

where H is the channel matrix; the received and transmitted signal vectors are Y and X, respectively; N refers to an additive white 
Gaussian noise. 

During respiration, the chest movement can induce Δd displacement of the human body, which can vary from 2 mm to 14 mm (De 
Groote, Wantier, Chéron, Estenne, & Paiva, 1997; Shafiq & Veluvolu, 2014). While breathing, apart from the signals of dynamic paths 
reflected by the human body, there are also static paths of signals, including the direct signals and those reflected by the stationary 
objects. Thus, the overall received signals is a combination of the direct and reflected signals. Denote H(f , t) as the CSI measurement for 
the sub-carrier with carrier frequency f at time t. For the indoor environment with static and moving objects, H(f , t) can be expressed as: 

H(f , t)=Hs(f , t) + Hd(f , t), (A.2)  

where the static vector Hs(f , t) involves the signals of static paths, and the dynamic vector Hd(f , t) contains the reflected signals of the 
moving object. The amplitude of H(f , t) can be derived as (Wang et al., 2016): 

⃒
⃒
⃒H(f , t, θ)|2 =

⃒
⃒
⃒Hs(f , t)|2 +

⃒
⃒
⃒Hd(f , t)|2 + 2

⃒
⃒
⃒Hs(f , t)

⃒
⃒
⃒

⃒
⃒
⃒Hd(f , t)

⃒
⃒
⃒cosθ, (A.3)  

where θ is the phase difference between the vector Hs(f , t) and Hd(f , t). 
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