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Recent advances in ubiquitous sensing technologies have exploited various approaches to monitoring vital signs. One of the 

vital signs is human respiration which typically requires reliable monitoring with low error rate in practice. Previous works 

in respiration monitoring however either incur high cost or suffer from poor error rate. In this paper, we propose a 

Correlation based Frequency Modulated Continuous Wave method (C-FMCW) which is able to achieve high ranging 

resolution. Based on C-FMCW, we present the design and implementation of an audio-based highly-accurate system for 

human respiration monitoring, leveraging on commodity speaker and microphone widely available in home environments. 

The basic idea behind the audio-based method is that when a user is close to a pair of speaker and microphone, body 

movement during respiration causes periodic audio signal changes, which can be extracted to obtain the respiration rate. 

However, several technical challenges exist when applying C-FMCW to detect respiration with commodity acoustic devices. 

First, the sampling frequency offset between speakers and microphones if not being corrected properly would cause high 

ranging errors. Second, the uncertain starting time difference between the speaker and microphone varies over time. 

Moreover, due to multipath effect, weak periodic components due to respiration can easily be overwhelmed by strong static 

components in practice. To address those challenges, we 1) propose an algorithm to compensate dynamically acoustic signal 

and counteract the offset between speaker and microphone; 2) co-locate speaker and microphone and use the received signal 

without reflection (self-interference) as a reference to eliminate the starting time difference; and 3) leverage the periodicity 

of respiration to extract weak periodic components with autocorrelation. Extensive experimental results show that our system 

detects respiration in real environments with the median error lower than 0.35 breaths/min, outperforming the state-of-the-

arts. 
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1 INTRODUCTION 

1.1 Motivation 

Recent years have witnessed the surge of ubiquitous sensing technologies and their applications in vital sign 

monitoring [1, 2]. Respiration rate is one of the important vital signs, often used to assess and track human 

health condition. For instance, research studies show that a deep breath helps reduce blood pressure while 

irregular respiration patterns may indicate chronic stress even progression of illness and decline in health [3, 4, 

5]. Respiration monitoring in bed also helps track sleep quality and allow timely intervention in case of 

respiration abnormality such as obstructive or central sleep apnea-hypopnea which have been found quite 

common among the elderly [6, 7, 8]. In particular, chronic obstructive pulmonary disease (COPD) is the third 

most common causes of death for people aged 65 and above [9]. As such, respiration monitoring is essential to 

enable various ubiquitous healthcare applications. Since these systems often target patients or the elderly with 

chronic disease, a convenient and non-intrusive system is highly desirable. 

1.2 Limitations of Prior Work 

Several respiration monitoring systems have been proposed in clinical setting in early days such as thoracic 

impedance pneumography [10] and capnography [11], however these systems are inconvenient and intrusive. 

For instance, these systems typically require users to attach/wear special devices such as nasal probes or chest 

bands thus restricting body movements and causing inconvenience in their daily lives. Moreover, clinical 

respiration monitoring systems typically require well-trained professionals to set up the systems and assist users 

to attach/wear respiration monitoring devices properly. To minimize the discomfort brought by the invasive 

respiration systems, several attempts have been made for long-term respiration monitoring leveraging on 

wearable devices [12, 13]. While these systems are made more tolerable for the elderly, additional issues may 

arise such as user acceptance and usability [14].  

Contactless sensing technologies explore a new possibility of monitoring vital signs without direct and 

physical contact to users. For instance, Penne et al. use a Time-of-Flight camera and apply advanced image 

processing algorithms to estimate human respiration rate in a home [15]. Unfortunately, such camera-based 

approaches require a subject to face the camera closely besides having privacy concerns and being affected by 

the lighting conditions. Kondo et al. deploy a laser sensor to measure the chest wall motion during respiration 

[16]. RF based methods have been also widely studied, ranging from Doppler radar [17], UWB radar [18], 

FMCW radar [19] to USRP (Universal Software Radio Peripheral) based solutions [20, 21]. The basic idea of 

these methods is to detect the chest movement displacement during breathing. Though these methods are able to 

accurately detect human respiration, they incur prohibitive cost, preventing these systems from large-scale 

deployment in typical home settings. To discover cost-effective solutions, researchers have recently turned their 

attentions to widely available commodity WiFi or Zigbee devices. These works can be further classified into two 

sub-categories: channel state information (CSI) based method [22-26] and received signal strength (RSS) based 

method [27-30]. Limited by the granularity of RSS, the RSS based approach suffers from low resolution, and it 

is subjected to interference in the environment. The CSI based method typically yields a higher resolution due to 

fine-grained channel information used. However, the study in [22] shows that the minute body movement may 

not generate detectable CSI changes. As such, the CSI based approach typically calls for careful selection of 

device locations and subcarriers to achieve robustness. 

In recent years, acoustic signal has been used to enable accurate affordable contactless reparation monitoring 

in home environments. The study in [31] uses 40KHz ultrasonic signal to detect human respiration by sensing 

the exhaled airflow. The Doppler effect introduced by the velocity of exhaled airflow can be used to detect 

respiration. While the idea of using acoustic signal to detect respiration is promising, these systems are 

vulnerable to ambient airflow, such as wind or even the airflow introduced by body movement around it. 

Frequency Modulated Continuous Wave (FMCW) has been first used to detect human respiration using acoustic 

signal by measuring the chest movement displacement during breathing [32]. It achieves about 0.7 cm distance 
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estimation resolution and can detect the respiration with chest movement displacement of about 2 cm. However, 

the average respiration amplitude, i.e., the chest movement displacement, is only about 1cm. Especially for 

Asian people whose body size is relatively thin, new-borns or the elderly, the chest movement displacement is 

usually within 1cm [22], and this is beyond the detection capability of the FMCW based systems [32]. 

1.3 Proposed Approach 

Due to the fact that the distance estimation resolution of FMCW is restricted by the sweep band width, it is 

difficult to achieve very high distance estimation resolution (i.e., detecting human respiration with chest 

movement displacement of less than 1cm.) with narrow-band commodity acoustic device. In this paper, we 

propose a Correlation based FMCW (C-FMCW) approach to reliably monitor respiration with commodity audio 

devices. Unlike traditional FMCW, C-FMCW estimates the round-trip propagation time of acoustic signals by 

discovering the maximum correlation between transmitted signal and received signal. For digital FMCW signal, 

the round-trip propagation time can be measured by detecting the number of samples corresponding to the 

maximum correlation. As such, the distance estimation resolution of C-FMCW is limited only by the acoustic 

signal sampling rate. With current prevailing audio systems of 48KHz, our approach can achieve a ranging 

resolution of around 0.4 cm. The ranging resolution can be further improved if higher sampling rates (e.g., 

96Khz) are supported by audio systems. In C-FMCW, linear chirps facilitate the correlation detection, and also 

tolerate the frequency selective fading of audio signals due to multipath effect.  

Implementing such an audio based respiration system however entails several practical challenges. First, the 

sampling frequency offset between commodity speakers and microphones can seriously affect the correlation 

based detection. In practice, the sampling frequency offset squeezes or stretches audio signals such that the 

received signals and the transmitted signals cannot be aligned during the correlation process. Such an offset if 

not corrected properly may incur high ranging error. Second, in practice, even though we send a starting 

command to speaker and microphone simultaneously, the actual start time of the speaker is essentially different 

from that of the microphone. What’s worse, the starting time difference varies every time we send a starting 

command to them, which will introduce intolerable absolute distance estimation errors. Third, due to multipath 

effect, weak reflected signals capturing user’s respiration can be overwhelmed by stronger signals reflected from 

the static body parts of the user. It still remains elusive to extract the reflected signals capturing respiration.  

We hence propose three novel techniques to address the above challenges. First, we propose an algorithm to 

compensate dynamically to the transmitted signal and counteract the signal shift caused by sampling frequency 

offset between speaker and microphone. Second, we co-locate speaker and microphone, thus, part of the 

transmitted signal will be directly received by the microphone without reflection (self-interference). We regard 

this part of received signal as a reference to estimate the absolute distance. In this way, we can counteract the 

starting time difference between speaker and microphone since the starting time difference remains the same for 

the signal without reflection and the signal reflected from abdomen. Third, based on the fact that respiration is 

almost periodic in nature, we extract periodic components by using autocorrelation to capture respiration while 

filtering out static signals. 

1.4 Contribution 

The main contributions of this paper can be summarized as follows: 

1) We propose a novel C-FMCW method for human respiration monitoring, which is able to achieve sub-

centimeter ranging accuracy. C-FMCW adopts the correlation based detection method to accurately measure the 

propagation time of audio signals with high resolution audio samples.  

2) We propose several novel ideas to address practical issues, such as developing a compensation algorithm

to dynamically add artificial shift to the transmitted signal to counteract the signal shift caused by sampling 

frequency offset between speaker and microphone; leveraging the received signal without reflection to eliminate 

the absolute distance estimation error introduced by the starting time difference between speaker and 

microphone; leveraging the prior knowledge of respiration periodicity to enhance and extract weak periodic 
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signals which can be otherwise overwhelmed by stronger reflection signals. 

3) We conduct extensive experiments to evaluate our system with 22 subjects. The experimental settings vary

in different sleep postures, different rooms, and different scenarios. We also verify the system robustness with 

respect to different sensing distance, different scenarios, different respiration rates, different kinds of simulated 

apnea, and body movement. The results show that our system achieves a median error of 0.35 breaths/min.   

2 Related Work 

In this section, we briefly review the existing contactless respiration detection work, which can be roughly 

grouped into two categories: 

2.1 Customized Device based Methods 

Recently, customized device based technologies ranging from laser [16], infrared [33], Doppler radar [17], 

UWB radar [18], FMCW radar [19], USRP [20, 21], ultrasonic sensor [31] have been proposed to detect human 

respiration. The basic idea is to measure the chest movement displacement during respiration. Although these 

methods achieve accurate respiration detection, they typically require costly signal transceivers or customized 

radio frontends. As such, these methods are less appealing than the commodity device based methods for large-

scale deployment in home settings.  

2.2 Commodity Device based Methods 

In recent years, researchers have turned their attentions to commodity devices since they are readily available in 

home environments.  The most widely studied methods are WiFi based and audio based. 

2.2.1 WiFi based methods. Ubibreathe [27] measures the received signal strength (RSS) to extract the 

respiration rate of a person in vicinity. RSS-based methods, however, require the subject in the line-of-sight path. 

WiSleep [24] and the studies in [22, 23, 25, 26] use the fine-grained channel state information (CSI) in 

commodity WiFi cards to detect respiration rate. Wang et al. [22] apply the Fresnel zone model to characterize 

the radio propagation in indoor environments and reveal the principle and limitations of CSI based human 

respiration sensing with WiFi signals. According to their findings, CSI based approaches cannot always reliably 

track human respiration and require careful selection of relative distance between human and WiFi devices.   

2.2.2 Audio based methods. ApneaApp [32] is a mobile application that allows smartphone users to monitor 

respiration rate. ApneaApp sends audio chirps and measures frequency shifts to monitor the breathing patterns 

so as to detect Apnea. The ranging resolution of ApneaApp is fundamentally limited by the narrow sweeping 

band of the device. As the ranging resolution of ApneaApp is only 0.7 cm, it can detect a deep breath with chest 

displacement of around 2 cm. Our system offers a more fine-grained ranging resolution of 0.4 cm within the 

80cm range. Moreover, the maximum ranging error is less than 0.2 cm when the distance between the acoustic 

devices and subject is from 40 cm to 60 cm, which can reliably detect a normal breath of young kids or elders 

who typically have a chest displacement of less than 1 cm. iSleep [34] uses microphone on a smartphone to 

detect the events that are closely related to sleep quality such as body movement and snore. However, iSleep 

cannot detect respiration. BeepBeep [35] detects the roundtrip time of flight at the resolution of audio sampling 

rate and achieves high ranging accuracy between two smartphones. BeepBeep requires both smartphones to 

actively generate audio chirps, while our work detects the time of flight of reflected audio chirps. RunBuddy [36] 

measures the breathing pattern of a runner with Bluetooth headset and suggests a proper running rhythm.  The 

headset is not intrusive for a runner but may cause inconvenience to a user during sleep. 

In our work, we propose a novel acoustic respiration detection method leveraging commodity acoustic 

devices, which achieves a ranging resolution of around 0.4 cm. Based on the high ranging estimation resolution, 

we manage to detect human respiration with the chest movement displacement of less than 1cm. 

3 C-FMCW: A HIGH RESOLUTION DISTANCE ESTIMATION METHOD 
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3.1 FMCW and its Limitation 

3.1.1 FMCW. The naïve way to estimate distance 𝑑 to an object using wireless signal is to transmit and receive 

a sharp pulse and compute the time delay 𝜏, then estimate the distance using their relationship 𝑑 = 𝜏 ∙ 𝑣, where 𝑣 

denotes the speed of wireless signal. However, sending a sharp pulse requires a large bandwidth. Instead, 

FMCW [37] indirectly estimates the propagation delay based on the frequency shift of the chirp signal as 

follows. 

As shown in Fig. 1, the red line denotes the transmitted signal, whose frequency linearly increases over time. 

The frequency of the transmitted signal at time 𝑡 is given by: 𝑓(𝑡) = 𝑓𝑐 +
𝐵𝑡

𝑇
, where 𝑓𝑐, 𝐵 and 𝑇 denote carrier

frequency, sweep bandwidth and sweep period, respectively. The phase of the transmitted signal is calculated by 

integrating 𝑓(𝑡) over time: 

𝑢(𝑡) = ∫ 𝑓(𝑡′)𝑑𝑡′
𝑡

0

= 2𝜋 (𝑓𝑐𝑡 + 𝐵
𝑡2

2𝑇
) 

the transmitted signal is then presented as 𝑣𝑡𝑥(𝑡) = cos (𝑢(𝑡)). For simplicity, the amplitude is assumed to be 1.

The transmitted signal is reflected by the target with the time delay 𝜏. If amplitude attenuation is ignored, the 

received signal at time 𝑡 can be represented as: 𝑣𝑟𝑥(𝑡) = 𝑐𝑜𝑠(𝑢(𝑡 − 𝜏)) (the blue line in Fig. 1). Consider the

transmitter and receiver are co-located. 𝜏 is calculated as: 

 𝜏 = 2(𝑅 + 𝑣𝑡) 𝐶⁄  (1) 

where 𝑅 denotes the distance between transceiver and target, 𝑣 denotes the moving speed of the target, and 𝐶 

denotes the propagation speed. The receiver multiplies the transmitted signal with the received signal as 𝑣𝑚 =

𝑣𝑡𝑥 ∙ 𝑣𝑟𝑥 . By using 𝑐𝑜𝑠𝐴 ∙ 𝑐𝑜𝑠𝐵 = (𝑐𝑜𝑠(𝐴 − 𝐵) + 𝑐𝑜𝑠(𝐴 + 𝐵)) 2⁄  and filtering out the high frequency

component 𝑐𝑜𝑠(𝐴 + 𝐵), 𝑣𝑚  is then simplified as 𝑣𝑚 = 𝑐𝑜𝑠 (2𝜋 (𝑓𝑐𝜏 −
𝐵(𝜏2−2𝑡𝜏)

2𝑇
)) (the green line in Fig. 1). 

Plugging Eq. (1), the frequency of 𝑣𝑚  can be represented as: 𝑓𝑏 =
1

2𝜋

𝛿 𝑝ℎ𝑎𝑠𝑒(𝑣𝑚)

𝛿𝑡
=

2𝑓𝑐𝑣

𝐶
+

2𝐵𝑅

𝐶𝑇
+

4𝐵𝑣𝑡

𝐶𝑇
−

4𝐵𝑣2𝑡+4𝐵𝑅𝑣

𝐶2𝑇
. The terms with respect to 1 𝐶2⁄  is too small and can be ignored, thus, ∆𝑓 can be then simplified as:

𝑓𝑏 =
2𝑓𝑐𝑣

𝐶
+

2𝐵𝑅

𝐶𝑇
+

4𝐵𝑣𝑡

𝐶𝑇
. For the static or very slowly moving target, i.e., 𝑣 is close to 0, we can further simplify 

the frequency of mixed signal, and thus obtain the distance between transceiver and target as follows. 

𝑅 =
𝐶𝑇

2𝐵
𝑓𝑏                                                                                                  (2) 

3.1.2 Theoretical Range Resolution Upper Bound of FMCW. The transmitted signal 𝑣𝑡𝑥  has the

Fig 1. Chirp signal in FMCW 
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fundamental frequencies at all multiples of the frequency 1 𝑇⁄  [38, 39]. If ignoring the amplitude attenuation and 

assuming that the target is static or moving slowly, the received signal 𝑣𝑟𝑥  is a time shifted version of

transmitted signal 𝑣𝑡𝑥 , so 𝑣𝑡𝑥  and 𝑣𝑟𝑥  have the same fundamental frequencies. Thus, 𝑣𝑚 = 𝑣𝑡𝑥 ∙ 𝑣𝑟𝑥  has the

fundamental frequencies at all multiples of the frequency 1 𝑇⁄ , since the periodicity is preserved when two same 

period signals are multiplied [38]. It means that in the frequency domain, 𝑣𝑚 has the spectral points only at 1 𝑇⁄
Hz. In other words, the frequency resolution of mixed signal, 𝛿𝑓𝑏 ≥ 1 𝑇⁄ .

Based on Eq. (2), we can infer the theoretical range resolution of FMCW as: 

δ𝑅 =
𝐶𝑇

2𝐵
𝛿𝑓𝑏    (3) 

Eq. (3) indicates that the range resolution, i.e., fixed error, 𝛿R depends on frequency resolution of the mixed 

signal 𝛿𝑓𝑏. However, as mentioned above, 𝛿𝑓𝑏 is bounded by the chirp frequency 1 𝑇⁄ , i.e., 𝛿𝑓𝑏 ≥ 1 𝑇⁄ . which

means that in order to distinguish targets in two different distances, the frequency of the mixed signal cannot be 

smaller than the chirp frequency [39]. Thus, the theoretical range resolution upper bound of FMCW is computed 

as follows: 

δ𝑅 ≥
𝐶𝑇

2𝐵
∙
1

𝑇
=

𝐶

2𝐵
 (4) 

Eq. (4) indicates that the range resolution of linear modulated FMCW depends on sweep bandwidth 𝐵 . 

Narrower bandwidth results in lower range resolution. 

3.1.3 Highest Range Resolution of FMCW Using Commodity Audio Devices. There are two practical 

frequency bounds that restrict the available sweeping bandwidth 𝐵 (as shown in Fig. 1). On one hand, the upper 

bound of human audible range is about 18KHz. To be inaudible to users, the starting frequency of chirp signal 𝑓𝑐
(as shown in Fig. 1) should be set higher than 18KHz. On the other hand, for commodity audio devices, the 

frequency response starts to decrease rapidly in the band higher than 23KHz.  Thus, the available sweeping 

bandwidth 𝐵  = 23KHz-18KHz= 5KHz. According to Eq. (4), the highest range resolution of FMCW using 

commodity audio devices is represented as follows:  

δ𝑅 ≥
𝐶

2𝐵
=

343

2 × 5000
= 0.0343 𝑚 = 3.43 𝑐𝑚 

in which 3.43 cm is much larger than the typical chest displacement of 1 cm during breathing. It implies that 

directly implementing FMCW using commodity audio devices cannot reliably detect human respiration. 

3.2 Cross-correlation function based FMCW (C-FMCW) 

3.2.1 Basic Idea of C-FMCW. The objective of distance estimation is to measure delay 𝜏. For transmitted 

signal with a modulation period 𝑇, the delay within 𝑇 2⁄  reflected from target can be measured using the main 

peak of cross-correlation of transmitted signal and received signal. In this paper, we use FMCW wave as 

transmitted signal, and exploit cross-correlation to measure the delay. We call this method Cross-correlation 

function based FMCW (C-FMCW).  

The cross-correlation function is defined as: 

𝑅(𝑛) =

{
 
 

 
 1

𝑁 − 𝑛
∑ 𝑣𝑡𝑥(𝑚) ∙ 𝑣𝑟𝑥(𝑚 + 𝑛),      𝑛 ≥ 0 

𝑁−n−1

𝑚=0

1

𝑁 − |𝑛|
∑ 𝑣𝑟𝑥(𝑚) ∙ 𝑣𝑡𝑥(𝑚 + 𝑛),      𝑛 < 0

𝑁−|𝑛|−1

𝑚=0

 (5) 

where 𝑁  is the number of samples of transmitted signal in one modulation period 𝑇 , 𝑛 = −𝑁 + 1,−𝑁 +
2,… ,𝑁 − 1. 𝑅(𝑛) measures the similarity of 𝑣𝑡𝑥 and 𝑛-sample shifted version of 𝑣𝑟𝑥. Suppose 𝑅(𝑛) reaches its

peak 𝑅(𝐿𝑎𝑔) with the 𝐿𝑎𝑔-sample shift. Since 𝑣𝑟𝑥 is a time shifted version of 𝑣𝑡𝑥 with amplitude attenuation, it
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means that  𝑣𝑟𝑥 overlaps 𝑣𝑡𝑥 with the 𝐿𝑎𝑔-sample shift. Thus, we can measure the time of flight by counting the

number of audio samples. For example, Fig. 2(a) and Fig.2(b) show the transmitted signal and received signal 

with 3 modulation periods (sampling frequency 𝐹𝑠 = 48  KHz,  𝑓𝑐 = 18  KHz, 𝐵 = 3  KHz, 𝑇 = 0.08 s),

respectively. The received signal is set to 𝐿𝑎𝑔 = 1047 samples shifted version of transmitted signal. Fig. 2(c) 

shows the cross-correlation 𝑅(𝑛)  of transmitted signal and received signal. We can see the peak in 𝑅(𝑛) . 

According to the definition of 𝑅(𝑛), the peak should be 𝑅(𝐿𝑎𝑔) = 𝑅(1047). In Fig 2(d), we can see that peak 

appears indeed at 𝑛 = 1047. Thus, the delay 𝜏 can be calculated as: 

𝜏 =
𝐿𝑎𝑔

𝐹𝑠
 (6) 

where 𝐹𝑠 is the sampling frequency. Combining with Eq. (1), we measure the distance 𝑅 between transceiver and

target as: 

 {
𝜏 = 𝐿𝑎𝑔 𝐹𝑠⁄         

𝜏 = 2(𝑅 + 𝑣𝑡) 𝐶⁄
𝑎𝑛𝑑    𝑅 =

𝐶∙𝐿𝑎𝑔

2𝐹𝑠
− 𝑣𝑡   (7) 

For the static or very slowly moving target, i.e., 𝑣 is close to 0, we can simplify 𝑅 as: 

𝑅 =
𝐶 ∙ 𝐿𝑎𝑔

2𝐹𝑠
 (8) 

3.2.2 Theoretical Range Resolution Upper Bound of C-FMCW. Based on Eq. (8), the theoretical range 

resolution of C-FMCW can be represented as: 

𝛿𝑅 =
𝐶 ∙ 𝛿𝐿𝑎𝑔

2𝐹𝑠
 (9) 

According to the definition of cross-correlation function in Eq. (5), the theoretical resolution of 𝐿𝑎𝑔  is 

𝛿𝐿𝑎𝑔 = 1, since the cross-correlation is calculated at the resolution of each audio sample. Thus, the theoretical 

range resolution of C-FMCW can be calculated as: 

𝛿𝑅 =
𝐶 ∙ 𝛿𝐿𝑎𝑔

2𝐹𝑠
=

𝐶

2𝐹𝑠
 (10) 

From Eq. (10) we can see that the range resolution of C-FMCW is limited only by the sampling frequency 𝐹𝑠
and independent of sweeping bandwidth 𝐵. Higher sampling frequency results in higher ranging resolution. In 

other words, even if available sweeping bandwidth is narrow, C-FMCW can still achieve very high ranging 

resolution.   

3.2.3  Range Distance Resolution of C-FMCW Using Commodity Audio Devices. Generally, commodity 

audio systems support 22.05KHz, 44.1KHz and 48KHz sampling frequencies.  In order to achieve high ranging 

resolution, we set the sampling frequency to 𝐹𝑠 = 48KHz, and the ranging resolution of C-FMCW is calculated

as: 

 (a)  (b)  (c)  (d) 

Fig. 2. Cross-correlation function of transmitted and received chirp signals with delay. (a) transmitted signal. (b)received 

signal with delay.  (c) cross-correlation function of transmitted and received signals. (d) enlarged view round the peak of (c) 
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𝛿𝑅 =
𝐶

2𝐹𝑠
=

343

2 × 48000
= 0.00357 𝑚 = 0.357 𝑐𝑚 

Such a ranging resolution suffices to reliably detect human respiration. In fact, by combining appropriate 

interpolation techniques, the resolution can be further improved. In this work, we have adopted 2x interpolation 

method to improve the resolution to 

𝛿𝑅 =
𝐶

2 × 2𝐹𝑠
=

343

2 × 2 × 48000
= 0.179 𝑐𝑚 

Note that excessive interpolation has a limit in improving the resolution. 

3.3 C-FMCW Verification 

In this section, we conduct real experiments to verify Eq. (8) and Eq. (10) in C-FMCW. The experimental 

settings and results are reported as follows. 

We bind a general speaker (JBL Jembe, 6 Watt, 80 dB) and microphone (SAMSON MeteorMic, 16 bit, 48 

KHz) together (as shown in Fig. 3(a)), they work as a simple acoustic radar (transceiver). The transceiver 

illuminates target directly (as shown in Fig. 3(b)). The speaker transmits FMCW signal (𝐹𝑠 = 48 KHz, 𝑓𝑐 =
18 KHz , 𝐵 = 3 KHz , 𝑇 = 0.02 s ) continuously, which is beyond human audibility range. Meanwhile, the 

microphone receives the signal reflected by the target at the frequency of 48 KHz with 16 bits.  

A ruler is placed on the desk as the ground truth. The position, where the reading of the ruler is 0, is regarded 

as the reference position (highlighted with blue dashed line in Fig. 3(b)). The distance between transceiver and 

reference position is set to 0. To verify the ranging resolution of C-FMCW, we move the target to 13 different 

positions ranging from 0.1 m to 1.2 m. The distance estimation results are shown in Fig. 3(c). We observe that 

within 80 cm, the distance estimated error can be controlled below 0.4 cm. Moreover, the maximum ranging 

error is less than 0.2 cm when the distance between the acoustic devices and subject is from 40 cm to 60 cm, 

meaning that chest displacement which is less than 0.5 cm can be detected using C-FMCW. As distance 

increases, we observe that error also increases due to degradation of reflected acoustic signal. For more details, 

readers are encouraged to watch the video at this link: http://dwz.cn/6EE2Dx 

4 CONTACTLESS RESPIRATION DETECTION USING C-FMCW WITH COMMODITY 

ACOUSTIC DEVICES 

In this section, we present the detailed design of C-FMCW based contactless respiration detection system using 

commodity acoustic devices.  We first identify the technical challenges and our solutions. We then give an 

overview of the system architecture and describe each major function component in detail. 

 (a)  (b)  (c) 

Fig. 3. C-FMCW verification. (a) transceiver, (b) full view of experiment, (c) distance estimation error as ground truth is 

varied 

Microphone

Speaker

Reference position

Transceiver

Ground Truth: ruler Target

R

http://dwz.cn/6EE2Dx
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4.1 Practical Challenges and Solutions using C-FMCW to Detect Respiration with Commodity 

Acoustic Devices 

Even though C-FMCW is promising to achieve high ranging resolution, a number of practical challenges exist 

when applied to detect respiration with commodity acoustic devices such as sampling frequency offset between 

transmitter and receiver, the starting time offset between transmitter and receiver, as well as major reflection 

path selection problems. In this section, we present these challenges and our solutions. 

4.1.1 Challenge 1: Sampling Frequency Offset Between Transmitter and Receiver. Existing audio based 

ranging approaches typically assume that the sampling frequencies of transmitter and receiver are exactly the 

same. Unfortunately, due to imperfect clocks, the frequency offset between transmitter and receiver introduces 

error in calculating 𝐿𝑎𝑔 (in Eq. (8)). Moreover, the error will accumulate over time. In Fig. 4(a), the red line 

highlights the 𝐿𝑎𝑔 shift caused by the sampling frequency offset between transmitter and receiver. We find that 

within 30 seconds (about 10 breathes), the 𝐿𝑎𝑔 shift accumulates up to 87 samples, which leads to a distance 

measurement error of 31.1cm according to Eq. (8). In other words, during each breathing, the ranging error 

caused by the sampling frequency offset can exceed 3 cm, which is much larger than the chest displacement of 1 

cm during breathing. In order to reliably detect respiration, we must eliminate the errors caused by the sampling 

frequency offset between transmitter and receiver. 

4.1.2  Solution 1: Sampling Frequency Offset Calibration Algorithm. As shown in Fig. 5, the basic idea of 

our solution is to add a shift into transmitted signal to compensate the 𝐿𝑎𝑔 shift caused by sampling frequency 

offset between transmitter and receiver. Specifically, given the 𝐿𝑎𝑔 shift threshold 𝑇𝑑  and time duration 𝐷, our 

compensation algorithm will shift audio samples so that the 𝐿𝑎𝑔  shift in duration 𝐷  is smaller than 𝑇𝑑  by 

adapting two parameters compensation rate  𝑟 and compensation unit ∆𝑆ℎ𝑖𝑓𝑡. Compensation rate  𝑟 = 𝑀 𝑁⁄  

(𝑀 < 𝑁 and both of them are positive integers) means that in every 𝑁 iterations (as shown in Fig. 5), we will 

add 𝑀 times shifts into transmitted signal. Compensation unit ∆𝑆ℎ𝑖𝑓𝑡 means that we add shift in unit ∆𝑆ℎ𝑖𝑓𝑡 
samples. Our compensation algorithm is summarized in ALGORITHM 1. The algorithm firstly finds shift unit 

∆Shift to make the symbols of system shift when r = 0 and r = 1 are different. Then, the algorithm uses the 

binary search method to find appropriate compensation rate r that makes system shift during period D smaller 

 (a)  (b)  (c)  (d) 

Fig. 4. Practical issues using C-FMCW to detect respiration with commodity acoustic devices. (a) lag shift over time caused 

by sampling frequency offset between transmitter and receiver. The red line indicates the delay shift over time before 

correction, while, the blue line indicates the delay shift over time after correction. (b) starting time difference between 

speaker and microphone. (c) multiple reflection path from abdomen, and (d) cross-correlation function peak amplitude.   

Fig. 5. Solution for sampling frequency offset between transmitter and receiver 
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than shift threshold OT. Note that during the execution of the ALGORITHM 1, the target should be static. The 

target movement will introduce shift and influence compensation performance. In practice, we only need to use 

a static object to get the compensation parameters for once during system calibration before starting respiration 

detection. The time cost incurred by ALGORITHM 1 depends on the input parameters 𝐷 and 𝑇𝑑. Larger 𝐷 and 

smaller 𝑇𝑑 will result in longer running time but more accurate compensation rate 𝑟 and compensation unit 

∆𝑆ℎ𝑖𝑓𝑡. 
The blue line in Fig. 4(a) highlights the system shift after applying our compensation algorithm. We observe 

that there is almost no 𝐿𝑎𝑔 shift after applying the compensation. In summary, with this compensation algorithm, 

the effect caused by sampling frequency offset between transmitter and receiver can be well controlled. 

4.1.3 Challenge 2: Starting Time Offset Between Transmitter and Receiver. Ideally, if speaker and 

microphone start to work simultaneously, we can directly estimate the absolute distance from transceiver to 

abdomen. Unfortunately, even though we send the starting commands to speaker and microphone 

simultaneously, the starting time of speaker and microphone can be different in practice. Moreover, the starting 

time difference varies over time. Fig. 4(b) shows 30 times starting time difference between speaker and 

microphone in our system. The varied starting time difference will introduce a large error in initial distance 

estimation. In the example shown in Fig. 4(b) the starting time difference (average 0.034s) will introduce 

0.034 × 48000 =1632 samples 𝐿𝑎𝑔 shift. According to C-FMCW distance estimation equation Eq. (8), it will 

introduce an absolute distance error of  343 × 1632 (2 × 48000)⁄ =  5.83 𝑚. 

4.1.4  Solution 2: Cancelling Starting Time Offset Using Self-interference Effect. As shown in Fig. 3(a), in 

our system, speaker and microphone are co-located. As a result, part of the transmitted signal will be received by 

the microphone without reflection (i.e. self-interference). This part of received signal will generate a special 

peak in the cross-correlation function of transmitted signal and received signal (the reference point shown in Fig. 

4(c) and Fig. 4(d)). Due to no reflection, this part of received signal will not be affected by the target. Thus, both 

the amplitude and location of this special peak will keep relatively static. It is easy to use variation of amplitude 

and location to distinguish this special peak from others. We name the special peak reference point. As shown in 

Fig. 4(c) and Fig. 4(d), with the reference point, we can cancel the starting time offset between transmitter and 

receiver by using the location difference between reference point and the peak generated by the receive signal 

reflected from the target. Then, by using C-FMCW distance estimation equation Eq. (8), we can accurately get 

the distance. This solution can completely avoid the interference from the starting time difference between 

speaker and microphone, since the 𝐿𝑎𝑔 shift caused by the starting time difference is the same for the reference 

point and the peak generated by the receive signal reflected from the target. Thus, when we calculate the 𝐿𝑎𝑔 by 

ALGORITHM 1 Compensation Algorithm 

Input: Duration D, and offset threshold OT 

Output: compensation rate r and compensation unit ∆Shift 

𝑟_𝐿  0; 𝑟_𝑈  1; 

find the smallest  ∆𝑆ℎ𝑖𝑓𝑡, which makes getShift(𝑟_𝐿, ∆𝑆ℎ𝑖𝑓𝑡, 𝐷) and getShift (𝑟_𝑈, ∆𝑆ℎ𝑖𝑓𝑡, 𝐷) with different symbol; 

% getShift (r, ∆Shift, D) gets the Lag shift in duration D with the compensation rate r and compensation unit ∆Shift 

while |shift| > 𝑂𝑇 do  % Binary search method to find appropriate 𝑟  

     shift  getShift (𝑟  (𝑟_𝐿 + 𝑟_𝑈) 2⁄  , ∆𝑆ℎ𝑖𝑓𝑡, 𝐷);  

     if shift < 0 % update the upper bound or lower bound according to the symbol of current system shift do 

      𝑟_𝑈  𝑟; 

     else 

 𝑟_𝐿   𝑟; 

end 
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using the location difference between the reference point and the peak generated by the receive signal reflected 

from abdomen, the 𝐿𝑎𝑔 shift caused by the starting time difference can be cancelled. 

4.1.5 Challenge 3: Multiple Reflection Paths from Different Parts of Body. In practice, there are multiple 

reflection paths from different parts of abdomen. As shown in both Fig. 4(c) and Fig. 4(d), there are two peaks 

(in the blue circle) corresponding to two different reflection paths (note that in practice, there may be more than 

2 peaks). Different parts of abdomen have different movement displacements during breathing. The reflection 

paths from static parts cannot be used for respiration detection. Only the reflection paths from the moving parts 

during breathing can contribute to respiration detection. Moreover, the power of received signal from different 

reflection path fluctuates dynamically, which will result in amplitude fluctuation of cross-correlation peaks. As 

shown in Fig. 4(c) and Fig. 4(d), the two peaks in blue circle alternatively become the largest peak. It is 

challenging to identify the representative peak that can effectively reflect human respiration among the multiple 

peaks.  

4.1.6 Solution 3: Selecting Major Reflection Path Using the Periodicity of Respiration. Even though there 

may exist multiple reflection paths from different parts of abdomen, we know that human respiration is almost 

periodical in nature. It means that the distances from the moving parts of the target during breathing will vary 

periodically, while other distances from static reflection paths are not periodical. Thus, we can select the 

effective reflection path by measuring the periodicity. The periodicity can be easily measured by using an 

autocorrelation function. For the sequence 𝑋 = 𝑥1𝑥2 …𝑥𝑀, autocorrelation function is defined as follows:

𝑅(𝑘) =
𝐸[(𝑥𝑖 − 𝜇)(𝑥𝑖+𝑘 − 𝜇)]

𝜎2
, 𝑘 = 1, 2, … ,𝑀 − 1   (11) 

Fig. 6(a) shows two different distance estimations from two different reflection paths over time. Fig. 6(b) 

shows the autocorrelation functions of the two distance estimations. In Fig. 6(b), we see that the peaks of the 

autocorrelation function is higher if the distance estimation is more cyclical. 

 (a)  (b) 

Fig. 6. Autocorrelations of two different distance estimation results. (a) two distance estimation sequences. (b) the 

autocorrelation function of the two distance estimation sequences in (a) 

Fig. 7. Overall framework of C-FMCW based contactless respiration detection system using acoustic signal 

Acoustic Signal Pre-processing

Acoustic signal transmitting 

and receiving

Band-pass filtering

Frequency offset 

compensation

Distance Estimation

Calculating cross-

correlation function

Finding reference point

Estimating the distances 

from abdomen

Respiration Detection

Measuring the periodicity of 

the distance estimations

Selecting one distance 

estimation corresponding to 

major reflection path

Respiration detection and 

visualization



170:12 • T. Wang et al. 

Proceedings of the ACM on Interactive, Mobile, Wearable and Ubiquitous Technologies, Vol. 1, No. 4, Article 170. Publication date: 
December 2017.

4.2 C-FMCW Based Respiration Detection System Framework 

In this section, we present the key workflow of C-FMCW based contactless respiration detection system using 

acoustic signal. We first give an overview of the system architecture, and then describe each key functional 

module in detail. 

4.2.1 System Architecture. As shown in Fig. 7, our system is composed of three major components, namely 

acoustic signal pre-processing, distance estimation, and respiration detection. The acoustic signal pre-processing 

module filters out noise and compensates the Lag shift. The distance estimation module estimates the distance of 

each reflection path from the target. The respiration detection module detects the respiration from the distance 

estimation results. In the following, we summarize the key functional modules of C-FMCW. 

4.2.2 Acoustic Signal Pre-processing. The objectives of this module are to: 1) ensure real-time continuous 

transmission and reception of acoustic signals; 2) denoise received signals; and 3) compensate the Lag shift 

caused by sampling frequency offset between transmitter and receiver.  

In order to filter background noise, we apply a band-pass filter (passband [𝑓𝑐, 𝑓𝑐 + 𝐵]), where 𝑓𝑐, denotes

carrier frequency and 𝐵 denotes sweep band width. 

To compensate the Lag shift caused by sampling frequency offset between transmitter and receiver, we firstly 

get the compensation rate 𝑟 and compensation unit ∆𝑆ℎ𝑖𝑓𝑡 by using our composed compensation algorithm in 

ALGORITHM 1. Then, we distribute 𝑀 times compensation (each time ∆Shift samples) to transmitted signal 

(as shown in Fig. 5) during 𝑁 iterations uniformly to counteract the shift caused by the sampling frequency 

offset between transmitter and receiver. 𝑀 and 𝑁 have the relation 𝑀 𝑁⁄ = 𝑟. 

4.2.3 Distance Estimation. The key function of this module is to estimate the distance of each reflection 

path from abdomen using our proposed C-FMCW. Specifically, we first calculate the cross-correlation function 

of compensated transmitted signal and received signal using Eq. (5), and find all the peaks of cross-correlation 

function. Then, we identify the reference point by finding the peak whose variation of the amplitude and 

location are smallest. After the reference point is located, we estimate the absolute distances (here the distance 

means half of the length of reflection path) of all reflection path by using the solution presented in Section 4.2.2. 

We calculate 𝐿𝑎𝑔  by using the location difference between reference point and the peak corresponding to 

current reflection path. Then, we estimate the distance by using C-FMCW distance estimation equation Eq. (8). 

The distance estimation result of each reflection path over time is saved as a distance sequence. These distance 

sequences of all the reflection paths will be regarded as the input of next module. 

4.2.4 Respiration Detection. The major work of this module is to detect respiration based on the distance 

estimation results. As mentioned in Section 4.1.3, not all the distance estimation results can be used for 

respiration detection. We first calculate the periodicity of all the distance sequences by using autocorrelation 

function. Then, we select the distance sequence corresponding to the major reflection path which can reflect the 

respiration well if the periodicities of all the distance sequences are lower than a given threshold.  Thereby, the 

interference factors (e.g., body movement, sleep posture change) can be detected. Fig. 8 shows the respiration 

detection result while the user changes sleep posture. The system will stop identifying breathing when the user 

changes sleep posture, since during this period the distance estimation fluctuation cannot reliably capture the 

chest movement. The system will recover to identify breathing once at least one distance sequence’s periodicity 

Fig. 8. Respiration identification with body movement

Body movement
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becomes higher than a threshold. 

5 EVALUATION 

In this section, we conduct comprehensive experiments to evaluate the proposed system. First, we describe our 

experiment settings. We then briefly describe the baseline approach. We conduct comprehensive experiments to 

evaluate our system in four different rooms with 22 subjects, who have three different sleep postures and 

compare the performance with that of the baseline approach. We also evaluate the system robustness with 

different scenarios, different sensing distance, different respiration rates, different kinds of simulated apnea, and 

body movement. Finally, we discuss the limitations of the system. 

5.1 Experiment Setting and Set-ups 

To set up our respiration monitoring system, we use two laptops (Thinkpad T450 with Intel Core i5-5200 CPU, 

8G RAM; Dell Latitude E6540 with Intel Core i7-4800MQ, 4GB RAM) and connect them with a pair of 

commodity speaker (JBL Jembe, 6 Watt, 80 dB) and microphone (SAMSON MeteorMic, 16 bit, 48 KHz) which 

forms an audio transceiver in our system, as shown in Fig 3(a). In practice, we use two transceivers to increase 

the coverage of monitoring area. The proposed respiration detection algorithm implemented in Matlab keeps 

monitoring user’s respiration in real-time. The speakers are programmed to transmit FMCW signal continuously. 

Meanwhile, the microphones receive the echo with 48 KHz sampling rate and send the received audio signal to 

the connected laptop for data processing and respiration detection. In order to avoid frequency band interference, 

the speaker in the first transceiver is programmed to transmit FMCW signal with the parameters: 𝑓𝑐 =
18𝐾𝐻𝑧, 𝐵 = 2.3𝐾𝐻𝑧, 𝑇 = 0.02 𝑠𝑒𝑐𝑜𝑛𝑑, 𝐷 = 0.1 𝑠𝑒𝑐𝑜𝑛𝑑, 𝐹𝑠 = 48𝐾𝐻𝑧 , while the speaker in the second

transceiver transmits FMCW signal with the parameters: 𝑓𝑐 = 20.7𝐾𝐻𝑧, 𝐵 = 2.3𝐾𝐻𝑧, 𝑇 = 0.02 𝑠𝑒𝑐𝑜𝑛𝑑, 𝐷 =
0.1 𝑠𝑒𝑐𝑜𝑛𝑑, 𝐹𝑠 = 48𝐾𝐻𝑧 . 𝑓𝑐 , 𝐵  and 𝑇  denote the carrier frequency, sweep band width and sweep period,

respectively. 𝐷 is FMCW signal length of time, i.e., the system processes 𝐷 second signal for one time. In other 

words, our system processes 𝐷 𝑇⁄ = 5 sweep periods FMCW signal in one system iteration. 𝐹𝑠  is sampling

frequency of speakers. The microphones in two transceivers receive the reflected signal with 48KHz and filter 

the received signal with band-pass filters. In particular, the pass bands of the two transceivers are set to [18KHz, 

20.3KHz] and [20.7KHz, 23KHz], respectively.  

Due to clothes absorption and attenuation in the air, the received signal reflected from abdomen is very weak. 

Thus, we place the transceiver toward subject’s abdomen. However, one transceiver will fail to detect 

respiration if the subject changes sleep posture. We notice that subjects may change their sleeping posture from 

lying on one’s back to lying on right side or left side. For system configuration, we firstly detect the effective 

range, covering area and max slant angle of the transceiver. To this end, we ask each subject to lie on a bed and 

place a transceiver above the subject’s abdomen for respiration detection. As shown in Fig. 9(a), the acoustic 

beam width is about 25° and the effective detection distance is about 80cm, while the effective detection 

 (a)  (b)  (c)  (d) 

Fig. 9. The detectable area of transceiver and its layout facing in different sleep postures. (a) the range, covering area and 

max slant angle of the transceiver. (b) ~ (d) the device layout and detectable area facing in different sleep postures. 
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distance is about 70cm when the slant angle is 45°. In practice, if the slant angle is set as larger than 45°, the 

transceiver cannot receive the effective reflection signal. 

Based on the above results, we deploy two transceivers as shown in Fig. 9(b) -Fig. 9(d). The transceivers are 

placed at the upper-left and upper-right of the subject’s abdomen, respectively with the angle about 45° pointing 

to the user’s abdomen. The perpendicular distance between mattress and device is about 50 cm and the distance 

between two transceivers is about 110 cm. We can see that, theoretically this setup covers all the facings of a 

subject, no matter where the subject faces during sleep. 

5.2 Baseline Approach 

We compare C-FMCW with two representative audio based approaches [31, 32]. The theoretical ranging 

resolution of App [32] is around 0.7 cm which can be used to detect respiration with chest movement 

displacement of about 2 cm. Different from the subjects selected in [32] who are mainly western adults, people 

in Asia, young kids and elders have relatively mild chest movement during normal breathing, i.e. with 

displacement of less than 1 cm [22], which is beyond the detection capability of the ApneaApp system. Based 

on this fact and extensive verification experiments, we find that [31] is the only existing work that can detect 

human respiration with small chest movement using acoustic signal. Instead of directly monitoring the chest 

movement, the work [31] measures the airflow of respiration and monitor respiration. Specifically, the velocity 

of exhaled airflow will introduce the Doppler effect to the reflected acoustic signal. Thus, we choose it as the 

baseline to verify whether our system is also able to detect respiration accurately. 

Yet, the work [31] needs a customized device to generate 40 KHz acoustic signals. As the off-the-shelf 

speaker can only generate acoustic signals with maximum frequency of 23 KHz, their proposed algorithm 

Fig. 10. System settings in test rooms. The red circles mark the transceivers. 

 (a)  (b)  (c) 

Fig. 11. Respiration detection results of 22 subjects with three different sleep postures. (a) sleep on one’s back, (b) facing 

left, (c) facing right 
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cannot be applied directly. We thus implement it with a 23 KHz acoustic signal, setting the key parameters 

accordingly to make the system work well. The key difference between two systems is that the transceiver faces 

different part of human body. Specifically, the system in [31] monitors the area around nose, while our system 

monitors the area around chest and abdomen. 

5.3 System Performance Evaluation 

We conduct comprehensive experiments to evaluate our system in four different rooms with 22 subjects, who 

have three different sleep postures. We compare the performance with baseline approaches in four different 

practical scenarios. We also evaluate the system robustness with different scenarios, different sensing distance, 

different respiration rates, different kinds of simulated apnea, and body movement. 

5.3.1 Evaluation with Different Subjects. We recruit 22 participants (7 elders, 2 young kids and 13 adults, 

including 10 females and 12 males) to evaluate the effectiveness of our system. The participants are asked to set 

up the system and properly adjust facing direction of audio transceivers according to the requirements specified 

in Section 5.1. The experiment environment is shown in Fig. 10. We set aside 15 minutes for the participants to 

lie on his/her back so that the participants really fall asleep before measurements. We then detect the respiration 

with each posture for about 200 seconds. During the measurements, two subjects watch the video stream to 

record the ground truth manually. Fig. 11(a) shows the respiration detection error CDF. We can see that the 

median respiration detection error of our system is lower than 0.35 breaths/min.  In most cases (p > 0.95), our 

system achieves an error lower than 0.33 breaths/min. The median error of the baseline approach is around 1 

breaths/min. In addition, the max error of our system is 0.6 breaths/min, while the maximum error of the 

baseline reaches 3.7 breaths/min. Note that, based on our measurements, even the highest and fattest subject 

(male, height 1.85m, weight 95 kg), his chest movement displacement is about 1cm when he breathes naturally. 

This experimental result indicates: 1) the proposed C-FMCW achieves very high distance estimation resolution; 

2) our system is able to accurately detect human respiration when the participants sleep on his/her back; 3) the

system is easy to set up in practice. 

5.3.2 Evaluation with Different Sleep Postures. Except for sleeping on one’s back, lying on one side is also 

(a)  (b) 

 (c)  (d) 

Fig. 12 Respiration detection error in four different rooms. 
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one common sleep posture. With the same experiment settings, all the subjects are recruited to evaluate the 

performance of our system when subjects lying on one side.  Fig. 11(b) and Fig. 11(c) show the respiration 

detection error CDF when subjects sleeping on the left and right side, respectively. The result shows that the 

median error of our system is 0 breaths/min, while the median error of the baseline is 0.35 breaths/min. In 

addition, the max error of our system can be controlled smaller than 0.35 breaths/min, while the maximum error 

of the baseline is 1 breaths/min. 

The experimental results indicate that our system is able to accurately detect human respiration for all three 

common sleep postures in real environment and achieve better performance. 

In addition, we observe an increased error of the baseline when a user lies on his/her back. With this sleeping 

posture, the angle between the acoustic signal and the exhaled airflow is closed to 90°, which will result in 

relatively small effective velocity component of exhaled airflow. Thus, the Doppler effect will decrease and 

result in larger detection error. 

5.3.3 Evaluation in Different Environments. We conduct the experiments in four different rooms with 

different size and layout. Fig.12(a) ~ (d) show the average respiration detection error CDF in the four test rooms, 

respectively. The median detection errors of our system for all three sleep postures in four test rooms are 0 

breaths/min, while the median errors of the baseline are 0.35 breaths/min. There is no obvious difference in the 

four test rooms for both our method and the baseline. It indicates that our system is not sensitive to the 

experiment environment. The real demo video is provided at link below: http://dwz.cn/6EDZnK 

5.3.4 Evaluation with Different Scenarios. In order to test the applicability in real bed rooms, we recruit two 

subjects to evaluate our system and compare with the baseline in the following four practical scenarios. 

1) A subject wears thin cloth or is covered by thin quilt with windows opened or air condition turned on (let

breeze blow into the room, e.g., in summer scenario)

2) A subject wears thick cloth or is covered with quilt (e.g., in winter scenario)

3) A subject wears thin cloth or is covered by thin quilt with windows closed and air condition turned off (e.g.,

in spring and autumn scenarios)

4) A subject sleeps with quilt covering his/her head or sleep prostrate.

Fig. 13 (a) shows the respiration detection error in the above four scenarios. We can see that in the first 

scenario, our system works well and the error is smaller than 0.5 breaths/min, while the baseline fails to detect 

respiration. This is due to the fact that the baseline is to detect respiration by sensing exhaled airflow which can 

be easily disturbed by ambient airflow such as wind or even people passing by. In contrast, our system still 

works since our distance measurement between transceiver and the chest of subject will not be affected by 

airflow. In the second scenario, the baseline works well while our system fails to detect respiration. This is due 

to the fact that in this scenario, the chest movement displacement during breathing will be buried since the 

displacement of thick cloth or quilt is very small. The sensing target of baseline is the airflow around nose, so it 

will not be affected by thick cloth or quilt. In the third scenario, both systems work well, since there is no 

interference for both systems. In the fourth scenario, both systems fail to detect respiration, since the exhaled 

(a)  (b) 

Fig. 13 System roobustness to (a) different test scenarios  and (b) different sensing distance 

http://dwz.cn/6EDZnK
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airflow around the nose are blocked and displacement reflected on her/his back is too small to be detected 

directly. 

5.3.5 Evaluation with Different Sensing Distance. We vary the distance between the transceiver and the body 

of subject ranging from 0.3 m to 1.1 m with an interval of 0.1 m. Two subjects are recruited to evaluate the 

performance of our system. At each position, we test for 6 minutes. Fig. 13 (b) shows the average respiration 

detect error as distance is varied when subjects sleeping with three different postures. We can see that within 0.7 

m, the system achieves respiration detection error smaller than 0.5 breaths/min. Beyond 0.7 m, the error will 

increase with the distance between the transceiver and the subject mainly because of the signal attenuation. The 

device with higher output power and higher frequency response in effective frequency band (18KHz~23KHz) 

will result in larger effective sensing range. 

5.3.6 Evaluation with Respiration Rate Change. As our system detects the breathing rate by measuring the 

periodicity of distance variation, respiration rate change will weaken the periodicity and may influence our 

system. In this work, we use a sliding window method which can discard the obsolete signals and adapt to the 

change of respiration rate.  

Two participants are asked to do high-intensity exercises like push-ups, which will increase the respiration 

     (a)                                                                                               (b) 

Fig. 14. Respiration detection results of two participants while respiration rate is changing over time. 

 (a)  (b) 

Fig. 15. Partial apnea identification results of two subjects. 

Fig. 16.  Respiration detection with body movement 

ApneaApnea Apnea
Hypopnea Hypopnea

Body movement Body movement

Body movement Body movement
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rate significantly. Then, we let the participants lie on the bed and detect their respiration rates until the 

respiration rates gradually fall back to a normal level (10 ~ 15 breathing counts per minute). Fig. 14 shows the 

respiration detection results of the two participants after high-intensity exercises. The red lines show the 

measured displacements and the green lines track the instantaneous respiration rates. We can observe that the 

respiration rates of two participants change from about 20 breathing counts per minute to about 10 breathing 

counts per minute. Our system provides sufficient ranging resolutions to accurately track both rapid shallow 

breathing and slow deep breathing throughout the process.  

5.3.7 Detection of Apnea. Detecting apnea is an important objective of monitoring respiration during sleep. 

When apnea happens, the periodicity of distance variation will be absent. Benefitting from the usage of sliding 

window to detect the periodicity of distance variation, after the subject recovers to breathe normally, the system 

will recover to detect breathing.  

Limited by legal constraints, we could not test our system with real apnea patients in hospitals for now. 

Instead, we simulate Central Apnea (CA) and Obstructive Apnea (OA) following the clinical symptom 

described as “hold breath for a while” [32, 40], and simulate Hypopnea event following the clinical symptom 

described as “breathing becomes shallow” [32]. We recruit two participants (one male and one female) to test 

apnea detection performance. We repeat the experiment for 10 times each of which lasts for 2 to3 minutes. Fig. 

15 (a) shows that our system accurately detects CA and OA.  Fig. 15(b) shows that our system also accurately 

detects the Hypopnea event. 

5.3.8 Evaluation with body movement. Body movement (e.g., sleep posture change) generates strong but 

un-rhythmical distance displacement variation. The displacement caused by chest movement would be 

submerged. Under this condition, it is difficult to detect breathing. Our system is designed to suspend respiration 

detection once body movement is detected. Two subjects are recruited to test whether our system can actually 

suspend when a body movement occurs. We detect subjects’ respiration for about 15 minutes. During respiration 

detection process, the subjects change sleep postures or move limbs several times. Fig. 16 shows that our system 

suspends respiration detection while body movement occurs and recovers for detecting respiration after the 

movement stops. 

5.4 Discussion 

5.4.1 Limitations. Even though the experimental results demonstrate that the proposed system can detect 

human respiration with three common sleep postures in real rooms and can adapt to different real scenarios, 

different sensing distances, changing respiration rate, different kinds of simulated apnea and body movement, 

the current implementation has the following two limitations. First, the transceivers must face the abdomen 

directly to ensure that the transceivers can receive reflected acoustic signals. As mentioned in Section 5.3.4, 

wearing thick cloth or covering with quilt and sleeping prostrate may influence accuracy. This is due to the fact 

that when sleeping on one’s chest, the displacement reflected on her/his back is too small to be detected. Second, 

so far, we have not tested our system with subjects suffering sleep apnea yet due to users’ privacy and legal 

issues. We note that the apnea detection study is based on simulated apnea, where volunteers try their best to 

simulate the apnea events according to the clinical symptoms. Yet, we believe the experiments can at least allow 

us to evaluate whether our system can detect some types of apnea events that would lead to breath stopping or 

other irregular breathing patterns.  

5.4.2 Potential applications. C-FMCW achieves 0.4 cm ranging resolution within 80 cm using commodity 

audio devices. The ranging resolution can be further improved if higher sampling rates (e.g., 96Khz) are 

supported by audio systems. Beneficial from the high ranging resolution, C-FMCW can be potentially applied to 

detect other types of subtle movements like heartbeat, finger gestures and even mechanical oscillations if the 

sampling rate is further increased. 

6 CONCLUSION 

In this work, we study contactless human respiration detection using acoustic signal. By exploring the traditional 
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FMCW principle, we proposed a novel correlation based distance estimation method C-FMCW. Based on C-

FMCW, we develop a contactless respiration detection system using commodity audio devices. We develop and 

integrate several elaborated acoustic signal processing methods to address some practical challenges. We 

conduct comprehensive experiments to evaluate the proposed respiration detection system. We implement the 

proposed C-FMCW with commodity audio devices and demonstrate that our system can achieve a ranging 

resolution of less than 0.4 cm. We evaluate the performance of respiration monitoring in four different rooms 

with 22 subjects who have three different sleep postures. Experimental results show that our system accurately 

detects subjects’ respiration with the median error lower than 0.35 breaths/min in different experiment settings.  
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