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Abstract—The aim of this study is to develop an affordable
and remote intelligent respiratory monitoring system. To achieve
low-cost and remote measurement of respiratory signal, an RGB
camera collaborated with marker tracking is used as a data
acquisition sensor, and a Raspberry Pi is used as a data process-
ing platform. To overcome challenges in actual applications, the
signal processing algorithms are designed for removing sudden
body movements and smoothing the raw signal. Subsequently,
respiratory rate (RR) is estimated by a translational cross-
point algorithm, and the respiratory pattern is identified by
the recurrent neural network. For estimating RR, the transla-
tional cross-point algorithm performs better than other methods
with root-mean-square error (RMSE) of 3.29 bpm. With respect
to the classification of breathing patterns, the established neu-
ral network performs better than support vector machine-based
classifiers with the accuracy, precision, recall, and F1 of 89.0%,
89.0%, 90.5%, and 89.0%, respectively. The obtained decision-
making information and some original information are sent to
the user’s smartphone via a cloud service platform. In a way, due
to its low-price, noncontact, and portable merits, the established
system can be seen as a “respiratory consultant” by your side.
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I. INTRODUCTION

BREATHING is a core physiological activity of human
beings. It provides oxygen for the body’s metabolism

and removes carbon dioxide to sustain life [1]. Breathing,
however, has other functions apart from sustaining life. One
researcher [2] revealed that the function of respiration can be
regarded as a link between the states of the body and mind.
More concretely, a person’s physiological state [3] as well as
mood and stress [4] may be reflected by the representation
of respiratory parameters. When the person is healthy, breath
comes naturally, effortlessly, and without thought [5], and this
breathing condition is called Eupnea, viz., normal breathing.
Abnormal breathing patterns (BPs), referring to abnormal res-
piration rate, depth, and rhythm, should be of greater concern
because they can provide a valuable reference for clinical
diagnosis [6], treatment [7], and prognosis [8]. For example,
Tachypnea (rapid respiration) is one respiratory symptom of
COVID-19 [9], so the prediction of Tachypnea may be a rel-
evant first-order diagnostic feature that may contribute to the
large-scale screening of potential patients [10].

For many application scenarios, it is important to monitor
the breathing condition for a long time. Current mainstream
methods used for clinical respiration monitoring include
spirometer, capnometry, and impedance pneumography. The
advantage of these contact methods is being accurate, but they
may interfere with natural breathing and cause uncomfortable-
ness [11]. In addition, these devices are either bulky or have
many cables, so they cannot monitor the user’s breathing con-
dition unobtrusively. Moreover, the existing medical devices
increase the cost and cannot be used on a large scale. Hence,
there is an urgent need to develop a low-cost and noncontact
respiratory condition monitoring device.

Several studies have implemented noncontact breathing
measurements to reduce the uncomfortableness and inconve-
nience caused by contact methods. According to the measure-
ment principle, the noncontact measurement of breathing can
be mainly divided into three categories, viz., radar Doppler
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effect-based method [12], thermal imaging technology [13],
and motion detection [14]. While these methods have their
individual merits, they also have drawbacks. Continuing use
of radar may pose a potential risk of radiation release, and
the measurement of the respiratory signal may be disturbed by
frequency bands near the radar being used [15]. Thermal imag-
ing cameras are susceptible to ambient heat, and the signal will
be lost if the tester’s face is not detected in complicated motion
scenarios [16]. The method based on motion detection may
solve the above problems, but this method requires the subjects
not to move their bodies significantly [17]. Researchers [16],
[18]–[20] measured respiratory signals by combining multiple
modes of imaging devices to overcome shortcomings of
the single-mode method. Although the signals of multiple
modes can increase the system robustness [21], more cameras
increase costs and make the installation complicated.

To assess respiratory condition more comprehensively,
researchers not only measure respiration but also analyze
the respiratory signal, such as calculating respiratory rate
(RR) [16], detecting respiratory disorder [22], and classify-
ing respiratory patterns [23], [24]. Chen et al. [16] developed
an RGB-thermal imaging system collaborated with marker
sticker to achieve noncontact and accurate breathing rate
measurement. Nonetheless, their system can only describe
the speed of the breath rather than amplitude or rhythm,
which in turn fails to describe the user’s breathing condi-
tion in detail. Jiang et al. [24] proposed a portable system
with RGB-infrared sensors to detect respiratory infections.
However, the thermal imaging camera is relatively expensive.
Yang et al. [25] proposed a C-band sensing technique-based
breath monitoring system to identify diabetic ketoacidosis,
but the system only focuses on normal breath and Kussmaul
breath. Wang et al. [23] proposed a real-time system with a
depth camera for classifying multiple people’s respiratory pat-
terns. The system can be applied to the multipeople situation
in a real-time manner. The biggest obstacles to the commer-
cialization of the system are the high cost and difficulty of
algorithm migration.

There still remain many open questions to remotely mon-
itor users’ breathing condition in home and work scenarios.
Inspired by the previous researches, we realize that a noncon-
tact respiratory monitoring system suitable for healthcare must
meet the following needs: 1) accuracy and robustness are the
most important; 2) it should be a real-time and online system
which can display the user’s breathing conditions in a timely
manner [20], [23]; 3) the system should be easy to install and
register [24]; and 4) the whole system should be low cost.

Therefore, we develop an affordable and remote intelligent
RR and respiratory pattern monitoring system. In this system,
the variance-based algorithm is developed to remove signifi-
cant body movements and preserve breathing-related signals;
the translational cross-point algorithm is developed to estimate
RR; and the deep learning model is established to classify BP.
The custom data set is established to validate system robust-
ness when people move at a low frequency. The proposed
system can be seen as a “respiratory consultant” by your side
due to its low-price, noncontact, real-time, and portable merits.

Fig. 1. Established respiratory condition assessment system which con-
tains one Raspberry Pi 4B, one RGB camera, and two lithium batteries.
(a) Schematic of this respiratory condition monitoring device. (b) Real
prototype of this system with the user interface on smartphone.

II. METHODOLOGY

The main workflow of this system is as follows. The RGB
camera first tracks the marker sticker on the user’s chest to
obtain the raw signal. The Raspberry Pi subsequently executes
the signal processing algorithms every 1 min. The transla-
tional cross-point algorithm and the BI-AT-GRU [23] are,
respectively, developed for breathing rate estimation and BP
classification using the processed signal. These algorithms and
models have been validated on our custom data set, and they
outperform other methods on our task (Section III). Finally,
the data, including time, breathing rate, and BP, are transmit-
ted to the user’s smartphone via wireless transmission. The
user can see the breathing condition in a real-time manner,
check the statistical analysis of BP and breathing rate in the
last 20 min, and query the history of the breathing condition.

A. Overview of the Affordable and Remote Intelligent
Respiratory Monitoring System

Our respiratory condition assessment system is shown in
Fig. 1. It contains one Raspberry Pi 4B, one RGB camera,
and two lithium batteries [26]. The Raspberry Pi 4B is used
for executing algorithms and sending results to smartphones;
the RGB camera is used for obtaining raw breathing signal by
tracking the marker on the user’s chest; and batteries make the
whole device independent of external power; the algorithms on
the Raspberry Pi enable the system to measure respiration rate
and recognize respiration patterns. The size, weight, and cost
of this whole system are 11 cm × 7.5 cm × 11 cm, 494 g,
and $105, respectively. Our system is compact, lightweight,
and low cost, making it suitable for various actual application
scenarios. Owing to the characteristics mentioned above, we
call this respiratory condition assessment system “respiratory
consultant by your side.”

Data stream of this system is shown in Fig. 2. In this system,
the Raspberry Pi is used for obtaining the raw signal, process-
ing the signal, estimating breathing rate, and classifying BP,
which will be elaborated in Sections II-B–II-E. The breathing
data are transmitted via a cloud service platform and shown
in the user interface, which will be elaborated in Section II-F.
This system is implemented by OpenCV and TensorFlow with
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Fig. 2. Data stream of the respiratory monitoring system. The RGB frame is transmitted to Raspberry Pi via a USB cable; the breathing signal flows inside
the Raspberry Pi; and the breathing condition data are transmitted to smartphones via a cloud service platform.

Fig. 3. Original breathing signal acquisition based on RGB camera and
ArUco marker. (a) Measurement is based on the movement of the marker on
the chest during breathing. (b) One example of measuring breathing signal
when a user is reading a book.

Python. For the current version, this system can be easily
migrated to other compact devices which support TensorFlow.

B. Original Signal Acquisition

As shown in Fig. 3, we utilize an RGB camera with a res-
olution of 720P to record the location of the ArUco marker
in each frame to obtain the raw breathing signal. ArUco [27]
is a minimal library for augmented reality applications based
on OpenCV [28].

The inhalation and exhalation during breathing cause the
chest and abdomen to rise and fall [29], which also brings
slight movements of the ArUco marker pasted or printed on
clothes. We have tried to extract the X and Y positions (cor-
responding to the horizontal and vertical components) of the
marker in each frame, and the Y position is found to be more
suitable for describing breathing. Previous researches [30]
also demonstrated that the horizontal component (X position)
contains most of the body-balancing movements unrelated to
breathing rate, so it is reasonable to discard it when the subject
is facing the camera [31].

Algorithm 1 Removal of Significant Body Movements
Input: yk = [y0, y1, . . . , yn]: the raw signal;
Output: ŷk = [ŷ0, ŷ1, . . . , ŷn′ ], n′ ≤ n: the signal without

significant body movements;
1: initial Lsw = 30, γ = 20, i = 0, ŷk = [ ];
2: while i < n do
3: ysw = [yi, . . . , yi+Lsw ] if i+ Lsw ≤ n else [yi, . . . , yn];
4: if Var(ysw) < γ then
5: Normalize ysw using equation (1) as ŷsw;
6: ŷk appends ŷsw;
7: end if
8: i = i+ Lsw;
9: end while

10: return ŷk;

C. Signal Processing Method

The raw signal contains noise caused by noncontact mea-
surement and is susceptible to the sudden movements of the
human body. In actual usage, the user may move the body in a
short time, such as getting up from a chair. Therefore, the sig-
nal processing is essential for the subsequent calculation and
analysis. For the sudden movements, we adopt a time-domain
threshold to distinguish the difference between slight breath-
ing movements and significant body movements. For the noise
caused by noncontact measurement, we adopt a Kalman filter
to smooth the signal.

1) Removal of Significant Body Movements: The body
movements are much more intense than breathing movements,
so we adopt a threshold for the variance to determine whether
a part of the signal is caused by body movements or respi-
ration. For each signal yk, we put short windows with length
of Lsw and calculate the variance of each window. If the vari-
ance is larger than the preset threshold, this window is thought
to be significant body movements and is removed. Finally,
the remaining windows are normalized, respectively, by the
following equation and spliced into the final signal:

ŷsw(k) = ysw(k)−min
[
ysw(k)

]

max
[
ysw(k)

]−min
[
ysw(k)

] . (1)

This process is demonstrated in Algorithm 1. The value of
threshold γ is important to distinguish breathing-related sig-
nals and body movement signals. From videos of ten subjects
sitting on a chair, we find that in most cases the variance of the
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breathing signal in a short term, i.e., 3 s, is lower than 10 pix-
els, while the variance of the body movement signal is higher
than 30 pixels. Thus, in this article, the threshold γ for the
sitting scenario is set as 20, and the length of window Lsw is
set as 30 under the sampling rate of 10 Hz. The threshold and
window can be calibrated according to the sampling rate and
application scenarios. For example, the threshold requires to be
greater than 20 at a bodybuilding scenario to avoid removing
too many signals.

2) Signal Smoothing: After removing body movements, we
adopt Kalman filter [32] to smooth the signal. In this study,
the breathing signal is described by a dynamic model

Xk =
⎡

⎣
pk

vk

ak

⎤

⎦ =
⎡

⎣
1 dt 0
0 1 dt
0 0 1

⎤

⎦

⎡

⎣
pk−1
vk−1
ak−1

⎤

⎦ (2)

where Xk represents the system state at time k; pk is the
position of the ArUco marker; vk is the velocity of chest
movements; and ak is the acceleration of chest movements.

Kalman filter can be conceptualized as two phases, viz.,
prediction stage and update stage. In the prediction stage, Xk
and its covariance Pk can be predicted from Xk−1 and Pk−1

Xk = FkXk−1 + Bkµk (3)

Pk = FkPk−1FT
k + Qt (4)

where Fk is the state-transition model in (2); Qt is the covari-
ance of the process noise; and Bkµk represents the control
input which is not taken into consideration in this study, so it
can be omitted.

In the update stage, Xk and Pk can be updated by optimal
Kalman gain Kk

Kk =
PkHT

k

HkPkHT
k + Rk

(5)

Xopt = Xk + Kk(zk −HkXk) (6)

Popt = (I − KkHk)Pk (7)

where Hk is the observation model; zk is an observation,
viz., the Y-position of the marker; and Rk is the covariance
of the observation noise. The signal will be smoothed by
repeating (3)–(7) with Xopt and Popt.

Finally, we resample the signal based on linear interpola-
tion to fix the sampling frequency to 10 Hz. The aim of this
operation is to facilitate the calculation of breathing rate and
the classification of BP. Fig. 4 shows one example of the raw
signal [Fig. 4(a)] and the processed signal [Fig. 4(b)]. The
burst signal caused by body movement is removed, and the
processed signal gets smoother.

D. Respiratory Rate Estimation

The RR can be estimated from the processed signal via a
translational cross-point algorithm. First, we move the signal
yk to the right by w points and write it as y′k,w. Second, we
calculate the number of cross points between yk and y′k,w, and
write it as cw. The final RR is calculated based on the length
of the data and cw. This method can be represented by

RR(bpm) = cw/2

N/Fs
∗ 60 (8)

Fig. 4. One example of the signal processing method. (a) Raw signal.
(b) Processed signal. The signal in the red rectangle is caused by the body
movement, and it is removed in the processed signal.

Fig. 5. Moving signal to estimate RR. This figure shows the signal and the
cross points when the moving size w is 14. The estimated RR is 13.31 bpm
by averaging all results in different w.

where RR(bpm) represents RR (beats per minute); cw is the
number of cross points between yk and y′k,w; N is the length
of the data; and Fs is the sampling rate which is 10 in our
study.

The theoretical minimum resolution of the proposed method
is 0.5∗60∗Fs/N because the number of cross points Cw in (8)
is an integer. As N/Fs represents measuring time t, the mini-
mum resolution can be expressed as 30/t (bpm). For example,
if the measuring time is 60 s, the theoretical minimum reso-
lution is 0.5 bpm. We can get the average value using the
moving windows with different lengths, i.e., 10, 12, 14, 16,
18, and 20 to reduce accidental error. In this article, we choose
the moving windows with five different lengths and round the
final average to 2 decimal places. One example of estimating
RR from a normal breathing waveform is shown in Fig. 5.

E. Respiratory Pattern Classification

There are two drawbacks of the proposed RR estimation
method: 1) when abnormal breathing such as a short period of
asphyxia occurs, the performance of the proposed RR estima-
tion method will be greatly influenced and 2) RR only reflects
the speed of breathing, and it cannot concretely and compre-
hensively describe the respiratory state. For these two reasons,
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Fig. 6. Pipelines of respiratory pattern classification. (a) One example of the
raw respiratory signal. (b) Processed signal (note that we take the first 300
points, i.e., first 30 s as the input to the classification model). (c) BI-AT-GRU
network based on our previous work [23] which contains the input layer, the
BI-GRU layer, the attention layer, and the output layer.

it is necessary to classify the user’s respiratory pattern through
the processed waveform.

As a long-standing research topic in machine learning,
diverse classification models have been proposed so far [33].
The classification model used in this study is based on [23].
The neural network in this model is called BI-AT-GRU,
which is a variant of the gated recurrent units (GRUs)
network with bidirectional and attentional mechanisms. The
pipelines of the respiratory pattern classification are shown
in Fig. 6. In the training stage, the respiratory simulation
model (RSM) [17], [23] is used to generate abundant syn-
thesized training data. In testing stage and practical applica-
tions, the breathing signal is first processed by the method
in Section II-C and, subsequently, it is entered into the
BI-AT-GRU network. The BI-GRU layer captures bidirec-
tional information in the respiratory signal, which can be
represented as

−→
ht = −−→GRU(xt), t ∈ [1, n] (9)←−
ht = ←−−GRU(xt), t ∈ [n, 1] (10)

ht =
[−→

ht ,
←−
ht

]
(11)

where xt is the respiratory signal at time t; n represents the
period of a respiratory pattern; and GRU(·) represents gated
recurrent unit [34]. The attention layer focuses on important
points in the respiratory signal, which can be represented as

ut = tanh (Waht + ba) (12)

αt = softmax(Vaut) (13)

S =
∑

t

αtht (14)

where ht is the state of t step, which is the same in (11); Wa,
ba, and Va are the parameters obtained by the training phase;
and the sum of αtht at each point is calculated to obtain the
output of the attention layer, which is denoted as S. In the
output layer, by applying another softmax function to the S,
the classification results can be obtained.

In this study, we adopt BI-AT-GRU with 300 input points
(corresponding to 30 s). The model classifies the user’s respi-
ration into four patterns (Eupnea, Bradypnea, Tachypnea, and
Apnea) when the input signal reaches 300 points. We compare

the performance of inputting the first 300 points and the last
300 points when the waveform is longer than 300, and find
that inputting the first 300 is slightly better (data not shown).
The length of the input can be 300 or 600 (corresponding to
30 s or 60 s). Since most samples in our custom data set are
shorter than 600 points, the performance of 600 input points
model is not validated.

Eupnea, Bradypnea, Tachypnea, and Apnea represent nor-
mal breath, slow breath, rapid breath, and asphyxia, respec-
tively. These four patterns are the most common, and they
combine with each other to form some other complex BPs.
For example, the waveform of Biot’s breath can be seen as
Tachypnea followed by periods of Apnea [35]. This is why
these four BPs are selected to study. The RR of Apnea is
equal to 0 bpm. Due to the measurement noise in the data, the
respiratory sequence of Apnea also produces the value of RR.
Therefore, in the actual usage, when a period of the waveform
is identified as Apnea, the RR for this period is corrected to
0 bpm.

F. Detection Reports

The breathing condition data are sent to the user’s smart-
phone via the wireless transmission. The specific process is as
follows. When the Raspberry Pi gets breathing rate and BP,
it transmits the data to the cloud service platform in the for-
mat of “YYYY-MM-DD hh:mm:ssBF” with an HTTP POST
request. In this string, “YYYY-MM-DD hh:mm:ss” represents
time, “B” represents the code corresponding to the BP, and “F”
represents the breathing rate. The cloud service platform stores
the respiratory data in chronological order. In this study, we
choose OneNET as the cloud service platform, and it can be
replaced according to the actual usage. When the user enters
the interface and clicks the refresh button, the breathing data
are transmitted from the cloud to the smartphone via an HTTP
GET request. For the current version of the system, we record
every short diagnosis and analyze them in the form of charts.
As shown in Fig. 7, the user interface contains the real-time
breathing condition, the analysis of breathing condition in the
last 20 min and the historical record.

III. EXPERIMENTS AND RESULTS

A. Data Set Establishment

The aim of the experiment is to validate the robustness of
the system for RR estimation and respiratory pattern classifica-
tion at simulated daily work scenario. Subjects sat in a relaxed
manner and imitated respiratory patterns (Eupnea, Tachypnea,
Bradypnea, and Apnea) for 1 min, with a 1-min break between
each pattern. During measurement, they could move their
bodies to simulate practical scenarios, such as adjusting the
position, playing the smartphone, and working with the lap-
top. The total movement time could not exceed 30 s because
the classification model needs at least 300 data points. The
established monitoring device was placed at 0.4–1.5 m from
the subjects. The marker was pasted to the subjects’ chest. At
the end of each measurement, subjects were required to report
the number of breaths as the ground truth of RR. Videos from
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Fig. 7. User interface in the smartphone contains the real-time breathing
condition (left), the analysis of breathing condition in last 20 min (middle),
and the historical record (right).

TABLE I
PERFORMANCE COMPARISON OF THREE DIFFERENT

METHODS FOR ESTIMATING RR

the RGB camera were recorded to check the BP and analyze
inaccurate measurement.

A total of ten healthy subjects (six males and four females,
aged from 19 to 39) participated in the experiment. There are
100 samples in the data set. In 60 samples, the marker sticker
is attached to the tester. For the remaining 40 samples, the
marker is printed on T-shirt of the tester. For each BP, there
are 25 samples.

B. Respiratory Rate

For RR, we compare the translational cross-point algorithm
with the fast Fourier transform (FFT) method and the curve-
fitting method. The FFT method takes the frequency with
maximal power in the passband of [0.1, 0.8] Hz as the RR.
The curve fitting method uses the low-order polynomial to fit
the waveform and calculates the number of cross points. We
choose RMSE, mean absolute error (MAE), and calculation
speed as the performance evaluation indicators. We exclude
Apnea in RR estimation performance evaluation because the
proposed method does not work at this situation as discussed
in Section II-E. Results listed in Table I demonstrate that
the translational cross-point algorithm has the lowest RMSE.
Besides, the translational cross-point algorithm is faster than
the curve fitting method and performs better than the FFT
method. Thus, we finally choose the translational cross-point
algorithm in our system.

The performance of RR estimation specific to four BPs is
demonstrated in Table II. Results in Table II reveal that Eupnea
has the lowest RMSE and MAE, while Apnea has the highest.

TABLE II
PERFORMANCE EVALUATION OF ESTIMATING RR SPECIFIC TO FOUR BPS

TABLE III
PERFORMANCE COMPARISON OF THREE BP CLASSIFICATION MODELS

This suggests that the RR estimation method does not work in
some abnormal BPs such as Apnea, and this is an important
reason to add the respiratory pattern classification model into
the system.

C. Respiratory Pattern

For respiratory pattern, we compare the BI-AT-GRU model
with the models based on support vector machine (SVM).
Features designed for SVM are the same as [22]. Training BI-
AT-GRU needs abundant synthetic data generated by RSM,
while training SVM is not necessarily required abundant data.
For a fair comparison, we evaluate the performance of SVM
through two ways: 1) we do tenfold cross validation on the
custom data set and 2) we train SVM with data generated by
RSM then test it on the custom data set. The results listed in
Table III demonstrate that BI-AT-GRU performs better than
models based on SVM.

The performance of the established BI-AT-GRU model in
Table III is lower than that in research [23] which utilized a
depth camera as a data acquisition sensor. The BI-AT-GRU
model in research [23] can recognize the respiratory pattern
with accuracy, precision, recall, and F1 of 96.5%, 96.4%,
96.3%, and 96.4%, respectively. There are two possible rea-
sons: 1) the depth camera captures breathing signal more
accurately than the RGB camera, because the depth camera
takes the average depth change in the chest area as the breath-
ing signal instead of the location change of one single point
and 2) in experiments of [23], subjects were asked not to move
significantly, but in this study, subjects could move their bod-
ies significantly. This study focuses more on complex usage
scenarios and low costs under the premise of relatively high
reliability.

Performance evaluation of BP classification specific to
four BPs is shown in Table IV. Among four patterns, the
performance of Tachypnea and Bradypnea is more balanced
in precision and recall. Eupnea, i.e., normal breath, has the
lowest precision and highest recall, which indicates that our
system has a low tolerance for abnormal BP.
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TABLE IV
PERFORMANCE EVALUATION OF BP CLASSIFICATION

SPECIFIC TO FOUR BPS

TABLE V
PERFORMANCE EVALUATION OF RR ESTIMATION AND BP

CLASSIFICATION SPECIFIC TO DIFFERENT MARK MATERIALS

IV. ANALYSIS

Although the validation experiments demonstrate the robust-
ness of the established respiratory condition assessment
system, there are some factors to be considered when apply-
ing our system to different scenarios. In this section, we will
analyze how different marker materials, marker sizes, and
shooting angles influence the respiratory signal, and give a
brief illustration of the potential application scenarios.

A. Influence of Marker Material

In the custom data set, there are 60 samples of marker
stickers and 40 samples of markers printed on the T-shirt.
To analyze the influence of marker material, we compare
these two types of markers in RR estimation and BP clas-
sification. The Bland–Altman plots of estimating RR specific
to these two marker materials are shown in Fig. 8, and the
performance evaluations of RR estimation and BP classifica-
tion are shown in Table V. Among these two types of markers,
the performance of the marker printed on the T-shirt is slightly
better than the marker sticker. The possible reason is that the
marker printed on the T-shirt is easier to be tracked because the
marker is not disturbed by other patterns on clothes like black
stripes. However, we find in some cases, the markers printed
on the T-shirt may not be tracked properly due to the wrinkles
of T-shirt, especially when subjects wearing the wrong size.
Thus, the size and print of the T-shirt should be well designed
and verified when using the marker printed on the T-shirt. For
general usage, the marker sticker is easier to deploy, while
the marker printed on the T-shirt is more suitable for personal
customization.

B. Limitation of Marker Size and Shooting Angle

The size of the marker is an important factor to be consid-
ered in this system. Too small markers may not be tracked,
especially in low-resolution cameras; too big markers may not
accurately reflect the movement of breathing, and they tend to
be warped, causing tracking failure. To find the suitable size
of the marker, one subject was asked to breathe normally for
1 min with different marker sizes (2, 4, 6, and 8 cm) on the

Fig. 8. Bland–Altman plot comparing the estimated RR and the ground
truth. (a) Marker sticker pasted on chest (N = 45). (b) Marker printed on the
T-shirt (N = 30).

Fig. 9. Breathing signal (processed) specific to four different marker sizes
from 2 to 8 cm in 1 min. The signal specific to 8 cm is less than 60 s because
the marker cannot be tracked properly.

chest. The subject sat in a chair at a distance of 0.5 m from the
device. Processed signals specific to different sizes of markers
are shown in Fig. 9. The signal of 8-cm marker size lasts for
only about 28 s, and this means that the marker cannot be
tracked properly for at least 32 s in 1 min. The signal of 2 cm
lasts for 60 s, but the signal quality is poor in the first 30 s. The
signal of 4 and 6 cm is most suitable to describe the breathing
condition. Therefore, 4 cm markers are recommended for a
close measurement such as 0.5 m from the device, and 6 cm
markers are recommended for a distant measurement such as
1.5 m or far from the device. The markers smaller than 2 cm
or bigger than 8 cm are not suitable for measurement in our
system.

The shooting angle is another important factor to be con-
sidered in actual usage because the user may not always face
the device in some scenarios. For example, in a home envi-
ronment, the user may move around, which leads to different
angles of shooting. We defined the state of facing the device as
0◦ and rotated the device counterclockwise by a certain angle.
Note that the marker must be clearly shown in the picture.
The processed breathing signals specific to different shooting
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Fig. 10. Breathing signal (processed) specific to four different shooting angles
from 0◦ to 45◦. The device faces the user and then rotates it counterclockwise
by a certain angle, and make sure the marker is still in the camera’s field of
view.

TABLE VI
PERFORMANCE PARAMETERS OF THE PROPOSED SYSTEM

angles are demonstrated in Fig. 10. From 0◦ (facing the device)
to 45◦ (diagonally opposite the device), all the signal curves
are suitable for describing breathing. This indicates that the
user needs not to keep facing the device all the time. However,
the marker must be clearly in the camera’s field of view so it
can be tracked properly.

The limitations of our system are shown in Table VI. From
the third line and Fig. 9, our system needs to be equipped
with square markers with side length greater than 2 cm and
less than 8 cm. From the fourth line and Fig. 10, the limitation
of the shooting angle is 0◦ to 45◦ from the front of the person.

C. Discussion About Other Methods in Signal Extraction
and Recovery

In our system, we adopt the ArUco marker for signal extrac-
tion, and the variance-based algorithm collaborated with the
Kalman filter for signal recovery. We choose these methods
because they can be executed on the compact device in a real-
time manner, and they are suitable for our target scenarios,
such as work and bodybuilding. When applying our system to
some static scenarios such as monitoring the breathing of the
sleeping baby, some other methods can be adopted or added
to refine our system.

For signal extraction, other researchers used image process-
ing techniques to track the profile of shoulders or other parts
in close contact with the body to extract raw signal without
marker [36], [37]. We compare the performance of the shoul-
der profile tracking method and marker tracking method on our

TABLE VII
PERFORMANCE COMPARISON OF SIGNAL EXTRACTION

METHODS WITH OR WITHOUT MARKER

data set. As shown in Table VII, the accuracy of BP classifica-
tion drops severely when we extract the raw signal without the
marker. For RR estimation, the ratio of samples with an abso-
lute error lower than 3 bpm drops about 50% when we use the
shoulder profile tracking approach to extract the raw signal.
We find that the profile tracking method without marker only
works well when the body is still and the background is rela-
tively simple, such as lying in a bed with blanket covered case
in [36]. The addition of the marker can improve the detection
reliability of the system in complex scenarios.

For signal recovery, we have tried to magnify the motion of
breath by performing the Eulerian video magnification (EVM)
algorithm [38] on the experimental videos, but the marker can-
not be well tracked because a lot of breathing unrelated noise
is also magnified. While motion magnified methods [38]–[40]
are not suitable for our experimental videos, they may be
greatly helpful for some static scenarios, especially subjects
keep stationary.

D. Potential Applications Under Different Application
Scenarios

Our system has the potentials to be applied to sev-
eral scenarios due to low-cost and compact characteristics.
Four examples of our system working in different scenar-
ios are shown in Fig. 11. In the work and cycling scenarios,
the waveform is shorter than others because the algorithm
removes the signals caused by short-term body movements,
and only preserves the breathing-related signal. While the
lower threshold for detecting body movements can retain
the longer signal, it will contain more breathing unrelated
noise. Thus, the threshold requires to be calibrated when
the application scenario changes greatly. Demo videos of our
system working in these scenarios can be downloaded online:
https://doi.org/10.6084/m9.figshare.12865697.v1.

V. CONCLUSION

In this article, we propose a noncontact, low-cost, and com-
pact system for breathing condition assessment. By leveraging
the proposed signal processing algorithm and the recurrent
neural network pretrained by RSM, the developed breathing
condition monitoring system can simultaneously derive the
breathing rate and the BP under various scenarios. A custom
data set is established to validate system robustness. For esti-
mating RR, the translational cross-point algorithm performs
better than other methods with an RMSE of 3.29 bpm. With
respect to the classification of BPs, the established neural
network performs better than SVM-based classifiers with the
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Fig. 11. Four examples of our system working in different scenarios. (a) Work
scenario. (b) Nap scenario. (c) Bodybuilding scenario. (d) Cycling scenario.
The top-left corner is the frame taken by the RGB camera and the processed
breathing waveform; the bottom left is the actual scenario; and the right is the
report in the user’s smartphone. In each picture, the red point is the marker
to be tracked and the red rectangle is our device.

accuracy, precision, recall, and F1 of 89.0%, 89.0%, 90.5%,
and 89.0%, respectively.

Compared to previous work, our system is relatively closer
to practical applications and has the potentials to land because
of low-cost and compact characteristics along with algo-
rithms specific to complicated actual scenarios. Therefore, this
system can be seen as a “respiratory consultant” by your side.
Experiments in ten subjects validate the system robustness
when there are only low-frequency body movements, such as
playing smartphones and reading books. In future research, we
plan to refine the algorithms for more challenging scenarios.
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