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ABSTRACT A non-intrusive sleep apnea detection system using a C-Band channel sensing technique is
proposed to monitor sleep apnea syndrome in real time. The system utilizes perturbations of RF signals
to differentiate between patient’s breathing under normal and sleep apnea conditions. The peak distance
calculation is used to obtain the respiratory rates. A comparison of the datasets generated by the proposed
method and a wearable sensor is made using a concordance correlation coefficient to establish its accuracy.
The results show that the proposed sensing technique exhibits high accuracy and robustness, with more than
80% concordance with the wearable breathing sensor. This method is, therefore, a good candidate for the
real-time wireless detection of sleep apnea.

INDEX TERMS Sleep detection, C-Band sensing, peak distance calculation, concordance correlation
coefficient.

I. INTRODUCTION
Sleep Apnea Syndrome (SAS) is a common clinical syn-
drome that causes frequent pauses in the patient’s breathing.
SAS occurs due to apnea and blood oxygen desaturation
during sleep. There are two basic types of SAS: Central
Sleep Apnea and Obstructive Sleep Apnea. Central Sleep
Apnea occurs due to the brain failing to send the right sig-
nals to the muscles that control breathing. Obstructive Sleep
Apnea occurs due to a blockade of the upper airway. Sleep
Apnea Syndrome, whether obstructive or central, can lead to
high blood pressure, coronary heart disease, life-threatening
cardiac arrhythmias, systemic or pulmonary hypertension,
arterial blood gas abnormalities, chronic respiratory failure,
sleep disturbances narcolepsy, excessive daytime somno-
lence, sexual dysfunction and mental decline [1]. In general,
these symptoms become obvious before the age of 40 years
old and cluster within a few years. As an underlying physical
disease, SAS is difficult to detect easily during sleep and
poses a significant challenge to health.

Polysomnography (PSG) is the most widely used medical
test to monitor respiratory events and diagnose sleep-related
breathing disorders, including SAS. PSG is performed while
the subject is asleep and analyses the patient’s respiratory
rate (RR), heart rate (HR), electroencephalogram (EEG),
electrocardiogram (ECG), electrooculogram (EOG), elec-
tromyography (EMG), and oxygen saturation (SpO2)
level [2]. However, very particular measurement require-
ments limit the ability of PSG to reflect the conditions of
a regular night sleep in the subject’s home [3], and it is very
expensive. Moreover, PSG requires specific equipment that
is available only in a handful of hospitals and institutions.

Researchers have proposed many different approaches for
SAS detection to overcome the drawbacks of PSG. Contact
sensor based detection methods were proposed in [4]–[7].
For example, an off-the-shelf wearable single sensor [4] was
used to detect the severity of SAS according to the instanta-
neous heart rate (IHR) and blood oxygen saturation (SpO2)
levels. A gas sensor array was used to screen SAS, and the
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performance of the method is susceptible to a number of envi-
ronmental and metabolic variables [5]. Hernandez et al. [6]
estimated the heart and breathing rates by using accelerom-
eter and gyroscope sensors worn on the patient’s wrist.
Kukkapalli et al. [7] used a wearable micro-radar to monitor
breathing behaviour. It is worth mentioning that these sys-
tems and approaches are contact based. An e-textile pressure
sensitive bed sheet was also used to measure the breath-
ing rate by analysing the time-stamped pressure distribution
sequences in [8]. However, this technique requires the subject
to lay flat and fails when the subject is positioned in other
position. Non-invasive breathing rate monitoring and apnea
detection were achieved in [9] and [10]. In [9], received
signal strength (RSS) is utilized to extract respiration rate.
However, the quantization errors and electronic noise may
reduce the accuracy of respiratory rate estimation. In [10],
frequency modulated continuous wave (FMCW) radar was
used to monitor a person’s breathing rate; the system con-
tains some specialized devices. In this paper, we propose a
SAS detection system using wireless channel information at
C-band.

This non-intrusive method detects sleep apnea accurately
in real-time through observation of slight changes in the
wireless channel caused by the breathing pattern and chest
movements. Following the introduction, this paper is orga-
nized into six sections. Section II provides the justification
for the use of C-band frequencies for the proposed technique.
Section III discusses the data processing methods used in the
proposed technique, while Section IV provides the details of
the monitoring system. The results are analysed in Section V,
and the conclusions are drawn in Section VI.

II. C-BAND FREQUENCIES
Fifth generation wireless systems, abbreviated as 5G,
meet the upcoming telecommunications standard, which
has evolved to substantially enhance the currently used
4G/IMT-Advanced standard [11]. 5G aims to provide high
data rates and higher capacity than 4G in three ways:
enhanced mobile broadband (eMBB), massive machine type
communication (mMTC) and ultra reliable low latency com-
munications (URLLC) [12]. With the advent of 5G net-
works, data traffic is estimated to grow exponentially, with an
influx of new applications. Recently, the Ministry of Industry
and Information Technology of the People’s Republic of
China has published a notification to allocate frequencies
of 3.3 GHz∼3.6 GHz and 4.8 GHz∼5.0 GHz for IMT2020,
popularly known as 5G [13].

The C-band refers to the frequency band of 4.8GHz.
To make our proposed SAS detection system compatible
with current and future 5G applications, a C-band frequency
of 4.8 GHz was selected as the operating frequency of the
transmitter.

In [14], a portable noncontact heartbeat and respiration
monitoring system operating in 5GHz was reported, and
the proposed system can be used for various applications;
Li et al. [15] designed a 5GHz double-sideband radar chip

for non-contact vital sign detection, the system can avoid null
detection point by frequency tuning. These well-designed
radar systems contain some specialized and sophisticated
devices and the vital data of the patients can be recorded.

III. DATA PROCESSING METHODS
A. PEAK DISTANCE CALCULATION METHOD
The breathing rate is a key indicator of breathing-related sleep
disorders. Figure 1 presents a respiratory signal of a one-
minute duration observed for one subject. The signal has a
wave-like pattern. The zero-line segmentation is selected to
separate the signal into positive and negative parts.

FIGURE 1. Respiratory signal observed for a subject; (a) complete signal
of a one minute duration, (b) zoomed-in portion of the respiration signal.

As shown, the respiratory signal in Figure 1(a) has 18 wave
crests and troughs over a one minute observation duration.
The residual values for the two wave crests or troughs can be
calculated as follows:

R =
1

N − 1

∑N−1

n=1
[y(n+ 1)− x(n)] (1)

where x(n) and y(n) are the time duration between two
consecutive wave crests/troughs, N is the number of crests/
troughs, and R is the calculated breathing rate. A breathing
rate of 3.3 s is obtained for the observed signal through this
expression. For verification, a zoomed-in section of the signal
is used, as shown in Figure 1(b). The distance between two
consecutive wave troughs is shown to be 3.38 s. It is therefore
evident that an accurate breathing rate can be determined by
employing the peak distance calculation method.

B. CONCORDANCE CORRELATION COEFFICIENT
The concordance correlation coefficient is an index that
describes the reproducibility between two datasets [16]. Nor-
mal breathing and apnea conditions for the sleeping sub-
jects are observed through both the proposed C-band sensing
system and a wearable respiration sensor simultaneously.
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The concordance correlation coefficient is then used to evalu-
ate the agreement between the two measurements and estab-
lish the accuracy of the proposed technique.

The concordance correlation coefficient is based on the
Pearson correlation coefficient. The Pearson correlation coef-
ficient is a measure of the strength and direction of the lin-
ear relationship between two variables. The two zero-mean,
real-valued random variables Y1 andY2, which represent the
two signals, are defined as [17]:

ρ(a, b) =
E(Y1Y2)
σ1σ2

(2)

whereE(Y1Y2) is the cross-correlation between Y1 and Y2 and
σ 2
1 = E(Y 2

1 ) and σ
2
2 = E(Y 2

2 ) are the variance of Y1 and Y2,
respectively.

Considering pairs of samples (Yi1,Yi2), i = 1, 2, . . . , n,
independently selected from a bivariate population, their
means are µ1 and µ2 and their covariance matrix is [16]:(

σ 2
1 σ12
σ12 σ 2

2

)
(3)

The value of the squared difference describes the degree of
concordance between Y1 and Y2:

E
[
(Y1 − Y2)2

]
= (µ1 − µ2)

2
+

(
σ 2
1 + σ

2
2 − 2σ12

)
= (µ1−µ2)

2
+(σ1−σ2)2 + 2 (1− ρ) σ1σ2

(4)

where ρ is the Pearson correlation coefficient.
The concordance correlation coefficient is, therefore,

defined as:

ρc = 1−
E[(Y1 − Y2)

2]

σ 2
1 + σ

2
2 + (µ1 − µ2)2

(5)

and,

ρc =
2σ12

σ 2
1 + σ

2
2 + (µ1 − µ2)2

= ρCb (6)

where,

Cb = [(v+ 1/v+ u2)/2]
−1
,

v = σ1/σ2,

u = (µ1 − µ2)/
√
σ1σ2.

The concordance correlation coefficient,ρc, is required to
fulfil the following condition:

−1 ≤ − |ρ| ≤ ρc ≤ |ρ| ≤ 1 (7)

IV. SYSTEM DESIGN
This section discusses the design and architecture of the
proposed C-band sensing system for SAS detection.

A. PRELIMINARIES
Everywireless channel has a unique fingerprint. TheWireless
Channel Information (WCI) records the channel attenuation
factor of the individual paths in the process of signal transmis-
sion and reception. The Wireless Channel Information for a
certain wireless link is expressed as follows:

Y (t) =WCI× X (t)+ n (8)

where X(t) is the transmitted signal, Y (t) is the received
signal, and n is Gaussian white noise. The wireless
channel is typically modelled using the Channel Impulse
Response (CIR) to account for multi-path propagation. Con-
sidering a linear time invariant system, the CIR is expressed
as [18]:

h (τ ) =
∑N

i=1
ai e−jθiδ(τ−τi) (9)

where αi, θi, and τi indicate the amplitude, phase and time
delay of the ith path, respectively. N denotes the total number
of propagation paths, while δ(τ ) is the Dirac delta function.
Each impulse response describes a delayed multi-path com-
ponent multiplied by the corresponding amplitude and phase
information.

In the frequency domain, the multi-path propagation man-
ifests the frequency selective fading. The Channel Frequency
Response (CFR), therefore, can be used to describe the effects
of the echo pathways. For an infinite bandwidth, CFR can be
found using the Fourier transform of CIR, while CIR is the
inverse transform of CFR, expressed as:

CFR (ω) = F [CIR (t)] =
∫
∞

−∞

CIR(t)e−iωt dt (10)

CIR (t) = F−1 [CFR (ω)] =
1
2π

∫
∞

−∞

CFR(ω)eiωt dω

(11)

The experimental set-up used for sleep apnea detection in
this study is illustrated in Figure 2. The microwave sensing
platform was used to conduct the experiment in a room with
the size 5m × 7m. The omnidirectional antennas, whose
height is 70cm, were placed vertically to the ground. The
subjects lay on a bed with the height of 50cm. The trans-
mitter (Tx) and the receiver (Rx) were placed at the two
sides of the bed and the system worked at 4.8 GHz. The
distance between Tx and Rx is 2m. The receiver is connected
to a computer through an embedded data collection system.
The ground truths of breathing rate are monitored by the
HKH-11C respiration sensor. We repeated the experiment
on five different subjects and the subject details are given
in Table 1.

After most of the electromagnetic waves enter the absorb-
ing material, the electromagnetic wave energy is changed
into heat energy, which is depleted slowly into the absorbing
material. A microwave absorbing material is placed at the
sides of the room to reduce the effects of the surroundings
and minimize multi-path propagation for enhanced accuracy.
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FIGURE 2. Experimental set-up for the detection of sleep apnea using the
C-Band sensing technique.

TABLE 1. Subject data used for the experiment.

FIGURE 3. Pyramidal absorbing material.

This set-up is a composite of adsorbent and multifarious
materials that transforms incident electromagnetic waves into
heat energy, which is then depleted slowly into the absorbent,
resulting in almost no reflection. One of the most widely
used type of material, ferrite absorption material (shown in
Figure 3), is employed in this study.

Wireless transmission uses Orthogonal Frequency Divi-
sion Multiplexing (OFDM), in which data bits are trans-
mitted in parallel through multiple orthogonal subcarriers.
A group of 30 subcarriers carrying amplitude information are

received as one WCI packet (in the form of CFR), which is
expressed as:

CFRn = [[h1, h2, h3, . . . , hk , ]] (12)

where hi(n) indicates the CFR of the nth subcarrier. To analyse
the CFR data stream considering the time history, all of the
CFRm values obtained at different times are combined:

CFRtime_history

= [[CFR (1) ,CFR (2) ,CFR (3) , . . .CFR(m)]] (13)

B. SYSTEM OVERVIEW
The proposed C-band system observes wireless channel vari-
ations caused by changing chest heights due to normal and
sleep apnea breathing patterns. Simultaneous measurements
are carried out using a wearable respiratory sensor to bench-
mark the proposed system. Figure 4 illustrates the overall
system. The proposed system consists of four modules for
respiratory signal acquisition, data processing, normal breath
detection and SAS event identification.

FIGURE 4. Overview of the proposed system architecture.

The respiratory signal acquisition module gathers the
unprocessed breathing data through C-band sensing and a
wearable respiration sensor. The data processing module then
selects the subcarriers that contain the best CFR information
out of 30 OFDM subcarriers. To rectify the influence of var-
ious external factors, the elimination of outliers is necessary.
The Hampel filter, which removes outliers based on their
position relative to a good observation model, is used for this
purpose [19]. A smooth wave pattern of the observed signals
is achieved using a median filter.

The normal breath detection module utilizes the Peak
Distance Calculation method to acquire the respiratory rate.
Additionally, the two data sets are compared to find the
concordance correlation coefficient. Then, the accuracy is
calculated using the formula below:

A = 1−
|fs − ft |
fs
× 100% (14)
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where A is the accuracy rate, fs is the respiratory rate mea-
sured by the contact respiratory sensor, and ft is the respira-
tory rate detected by the proposed system.

Finally, sleep apnea will be determined by the SAS event
identification module via the variation of wireless channel
information. If the wireless channel information is initially
periodic but then become constant for no less than 10 seconds,
an apnea occurs.

V. EXPERIMENTAL RESULTS
Chest movements of a subject are observed for one minute
using both the C-band system and a wearable respiratory
sensor. The data are then analysed to first identify the normal
breathing pattern and then to detect any SAS event. The
accuracy and robustness of the proposed system is discussed.

A. NORMAL BREATH DETECTION
The respiratory rate is an important diagnostic indicator of
potential respiratory dysfunction in acutely sick patients. The
respiratory rate is measured by counting the number of chest
rises for one minute when a person is at rest.

FIGURE 5. Wireless channel information sequences of
subcarrier #6 and #15.

In this study, C-band sensing is used to measure the
respiratory rate via wireless channel information. Wireless
channel information data from all 30 subcarriers is mea-
sured. The wireless channel information sequences of sub-
carrier #6 and #15 are plotted in Figure 5. It should be
noted that despite having different profiles, both of these
responses are obtained under exactly the same conditions
because the amplitudes of different subcarriers have distinct
sensitivities for chest movement. It is therefore important
to choose the subcarrier with the best response. The vari-
ance of wireless channel information amplitude in a moving
time window is used to quantify the subcarrier’s sensitiv-
ity. The variances of 30 subcarriers are shown in Fig. 6.
The subcarrier with higher variance should be selected since
greater variance indicates higher sensitivity. Thus we use
maximum variance method to select subcarrier. Based on this
selection criterion, thewireless channel information sequence
for the 6th subcarrier is shown in Figure 7(a). There are

FIGURE 6. Variance of 30 subcarriers.

FIGURE 7. Wireless channel information sequences of subcarrier #6
when the subject is breathing normally; (a) original CFR, (b) filtered CFR
after using the Hampel and median filters.

approximately 11 wave-like patterns in this response. How-
ever, these wave-like patterns are not obvious due to the
presence of outliers, which necessitates filtering of outliers.

The Hampel filter is used to eliminate outliers. This fil-
tering specifies a lower and upper bound that depend on the
sample size and chosen value of αN . The value of αN is given
by the statistician. In general, for a given α, the value of αN
is computed by:

αN = 1− (1− α)1/N (15)

where N is the sample size.
The median filter is then used to remove noise and produce

a smoother waveform. The median filter replaces each signal
value with the median of the neighbouring values. Figure 7(b)
shows the CFR after using the Hampel filter andmedian filter.
The usefulness of the two filters is evident from these results,
as the breathing pattern closely approximates a periodic sine
wave.

The breathing signal recorded using the wearable respira-
tory sensor is shown in Figure 8(a). It is observed that there
are no outliers present in this breathing pattern. Therefore,
only the median filter is applied to achieve a smoother sine
wave-like pattern, as shown in Figure 8(b).

The data obtained through the two methods are then
evaluated for respiratory rate analysis. Wave periodicity is
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FIGURE 8. Breathing pattern for the normal breathing condition observed
using a wearable respiratory sensor; (a) original data, (b) data after using
the median filter.

FIGURE 9. Respiratory rate analysis; (a) filtered CFR data, (b) filtered
sensor data.

determined from the filtered breathing patterns, as shown
in Figure 9. The Peak Distance Calculation method is used to
calculate the respiratory rate. The results shown in Figure 9(a)
show that there are 11 wave crests (red circles in Figure 9(a))
in one minute for the data obtained by means of the C-band
sensing technique, giving a respiratory rate of 5.5 s. For
the respiratory sensor data shown in Figure 9(b), a total
of 11 wave peaks (red circles in Figure 9(b)) exist over a one
minute long signal, for a respiratory rate of 5.5 s.

The accuracy of the proposed C-band sensing technique
compared to that of the respiratory sensor is determined
by calculating the concordance correlation coefficient and
detection accuracy rate. Using the two filtered data sequences
shown in Figure 9, the value of the concordance correlation
coefficient appears to be 0.805 from Equation 5 or 6. And
the detection accuracy rate calculated by Equation 14 is up
to 94.3%; therefore, it can be concluded that the proposed
C-band sensing technique is very efficient for detection of
the breathing pattern and the respiratory rate.

B. SAS EVENT IDENTIFICATION
The C-band sensing technique is then used to identify SAS
events, and its performance is compared with that of a
standard respiratory sensor. Sleep apnea is characterized

FIGURE 10. Wireless channel information sequences on subcarrier #6
showing the occurrence of a SAS event; (a) original CFR, (b) filtered CFR.

FIGURE 11. Pattern from using the contact respiratory sensor when the
subject is breathing; (a) original data, (b) data after using the median
filter.

by pauses in breathing or periods of shallow breathing
during sleep. Each of these pauses can last for at least
10 seconds [20]. When an apnea event occurs, the chest
movement caused by breathing disappears, resulting in
changes to the measured respiratory amplitude.

The wireless channel information is again noted over a one
minute duration. The best response of the wireless channel
information of the 30 subcarriers assessed was observed for
subcarrier #6, as shown in Figure 10. Figure 10(a) shows that
the subject was breathing normally for 22s. A sleep apnea
event occurred at 23s, making the subject stop breathing
for the next 10s. The subject then started breathing again at
approximately 37s. Figure 10(b) shows the filtered CFR after
using the Hampel filter and median filter to remove outliers
and obtain a smooth data sequence.

The breathing signal recorded by the wearable respira-
tory sensor is shown in Figure 11(a). Figure 11(b) depicts
a smoother pattern obtained via median filtering. The apnea
event is evident from thesemeasurements as well. The subject
is breathing normally from 0 to 23s. The constant amplitude
level for the next 14 seconds (from 23s to 37s) shows that
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FIGURE 12. SAS event identification; (a) filtered CFR data, (b) filtered
sensor data.

FIGURE 13. SAS event identification for Subject 2.

FIGURE 14. SAS event identification for Subject 3.

the subject is experiencing a sleep apnea episode. When the
apnea is over at 37s, the subject started breathing normally
again.

Figure 12 shows the wave periodicity in the two filtered
breathing patterns. It is quite clear that 10 wave peaks (red
circles) and an apnea were detected. The respiratory rate for
the C-band sensed data shown in Figure 12(a) through Peak
Distance Calculation method appears to be 4.7s. The respira-
tory rate for the respiratory sensor data shown in Figure 12(b)
is found to be 4.5s, which shows a close agreement between
the two methods.

The usefulness of the system has also been proved by
considering some other subjects, as shown in Fig. 13 and 14,
the SAS symptom was clearly detected. The periods of the
apnea for the subjects are almost the same.

FIGURE 15. The detection results of five subjects; (a) the concordance
correlation coefficients, (b) the detection accuracy rates.

To establish the accuracy level of the proposed C-band
sensing scheme, the concordance correlation coefficient and
detection accuracy rate are calculated using two data sets. The
values are 0.865 and 94.3%, respectively. The results of the
proposed method and the respiratory sensor show very good
consistency.

The concordance correlation coefficients and detection
accuracy rate of five subjects are given in Fig. 15(a) and 15(b),
respectively. All of the concordance correlation coefficients
are above 0.8 and all accuracy of detection are more
than 90%; the effectiveness of the system has been fully
verified.

Comparing these results with other detecting results gener-
ated by specialized radar systems [14], [15], our precision is
high enough, and since the facilities included are not purpose-
designed, easiness to be implemented is also the important
characteristic of the system.

Also, these results demonstrate the effectiveness of the
system. The system is non-contact and the patient will have
better comfort, the breathing activity will not be affected
by the cables, etc. Besides, the system is real time and the
experimental setup is flexible; thus the technique is adaptive
to the environment to some extent.

VI. CONCLUSION
In this paper, we proposed a real-time and non-intrusive
sleep apnea detection system using C-band wireless sensing.
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The system makes use of a wireless transmitter and receiver
operating at the 4.8 GHz frequency using OFDM. The system
detects the breathing activities of a patient bymeans of a radio
signal indicating variations in the wireless channel informa-
tion due to varying chest movements for normal breathing and
pauses during apnea episodes. Raw data for themost sensitive
subcarrier was processed using Hampel and median filtering
to remove outliers and noise from the channel response.
The performance and accuracy of the proposed system was
established through a comparison of data in the form of a
concordance correlation coefficient with standard respira-
tory sensor measurements. A high correlation of more than
0.8 between the two data sets was observed. It was observed
through the presented results and analysis that the proposed
sensing technique had high accuracy levels and efficiently
detected SAS episodes in real time. Moreover, the proposed
sensing technique offers the advantages of non-intrusiveness,
flexibility, making it a well suited alternative to traditional
techniques.
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