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ARTICLE INFO ABSTRACT

Received: 21/04/2023  Breathing rate is one of the most important vital signals for monitoring
health status and reflecting conditions of dangerous diseases. Previous
contactless breath monitoring methods were more convenient than contact
Accepted: 08/06/2023  methods, but they were not suitable for the actual sleeping environment
because of the narrow field of vision (FoV). This study proposed a breathing
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rate monitoring strategy using a mono camera to track and detect sleep apnea
phenomena. Breathing rates were first tracked among consecutive image
KEYWORDS frames. The human body area was then isolated and magnified using a deep
Computer vision-based; neural network (DNN) model before applying the optical flow algorithm to

extract and monitor the up and down changes caused by respiration. The

Breathing rate detection; . . .
g most variated directions of the body feature’s motions were detected based

Sleep apnea; on the Principal Component Analysis (PCA) method. Breathing rate was the
Optical flow; number of times the signal amplitude peaks per minute. The comparison
Principal component analysis. between predicted values and manually estimated was used for evaluating

the accuracy of the method. The accuracy of our method in various light,
position, and distance conditions is 2 breaths/minute (<10%) for children
and less than 1 breath/minute (<5%) for adults. The study has two main
contributions: (1) monitoring breathing rate at home gives comfortable
feelings to patients and caregivers, expanding the potential of applying
modern technology to clinics, (2) the study has solved the problem of
tracking small movements in videos with relatively large FoV in real-time.
Perspectively, we will be employed the method in a home-based respiratory
rate monitoring system.
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1. Introduction

Breathing rate is an important vital sign and is one of the first considerations when people got health
problems [1]. The respiratory rate value beyond a certain threshold is a sign of abnormality related to
pathologies such as cardiopulmonary arrest [2], acute heart failure [3], and pneumonia [4], and can also
be a sign of fatal apnea [5]. These signs require prompt medical intervention to prevent disease and save
lives. This becomes more important in children and people at risk of stroke [6], [7]. About 6% of babies
are at risk of sudden death during sleep [8]. The number of people at risk of new strokes identified each
year is 795,000, of which 20-40% of strokes happen at night [7]. Vital sighs can be measured by contact
and non-contact methods [9]. The contact method uses small wireless devices by integrating breathing
measurement function into them like smartwatches [10]. The SpO2 meter on the fingertip also measures
health abnormalities by measuring blood oxygen saturation and measuring heart rate [11]. The mounting
of measuring devices on the body creates uncomfortable feelings for users, especially for children [12].
Furthermore, the sleep analysis based on the deep learning model using the input of ECG signals was
also investigated which gave good results [13]. However, these analyses are based on contact
measurement device data [14]. The non-contact method can, therefore, eliminate those limitations.

There have been various ways of non-contact respiratory rate measurements. These methods measure
changes in the nearby environment around the sleeping subject [9], [15]. In these studies, the sleeping
environments were usually static, so small periodic changes caused by respiratory activity can be easily
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seen. Audio sensors and microwave Doppler radar were two types of sound wave sensors used to
measure breathing [16], [17]. Breathing sound was measured by the periodic change in sound intensity
during sleep [17], [18]. In the measurement process, non-breathing sounds such as fans and air
conditioners were often non-cyclical and have different sound intensity thresholds that should be filtered
to remove them [19]. While the audio sensor measures breathing based on breathing sounds through the
microphones [16], the Doppler radar measures breathing by measuring microwaves based on the up-
and-down movement of the chest-abdominal region [18].

Computer vision-based breathing rate measurement was a recent research direction due to the
popularity of cameras and computers [20]. Breathing rate was measured by analyzing video sequences
recorded from the camera, with the support of artificial intelligence or image processing algorithms [21].
Continuous motion tracking techniques such as optical flow and background subtraction were used to
monitor respiratory activities that occur during sleep time [22], [23]. The optical flow algorithm tracks
movement based on the movement of feature points in the frames while the background subtraction
method compared the overall light intensity between two consecutive frames to see movements [21],
[23]. Because the respiration signals were relatively small and concentrated in the chest-abdominal
region, tracking points in the respiratory area had higher accuracy. The background subtraction
algorithms were suitable for tracking large movements [24]. However, the input frames in some previous
studies showed that they could not apply in a real sleeping environment because the frames had a narrow
FoV, which leads to the result that the participant will be out of the camera view if they change their
sleeping position [21], [25].

Consequently, this study proposed a breathing rate monitoring method using a mono camera to detect
sleep apnea phenomena in children and adults at risk of stroke. The proposed method is implemented
by tracking the movement caused by respiration at the chest-abdominal region. Firstly, the human body
area is isolated by using an artificial neural network model [26]. Then, up and down fluctuations in the
chest-abdominal area were extracted and monitored using an optical flow algorithm [27] with the
support of the principal component analysis (PCA) technique [28]. Breathing rate is the number of times
the signal amplitude peaks in one minute. The predicted breathing rate values will be compared with the
real breathing values getting by counting manually the breathing rate called the visible measurement
method. The measurement errors include absolute errors and relative errors. This study is the extension
of the extended abstract that we presented in [29]. That extended abstract summarizes the first part of
this study with results in only two individuals and limited in the sleeping environment including sleeping
on the back and side without using any blanket [29]. This paper details the study after adjusting the
algorithm for better performance, as well as testing on more subjects and sleeping environments.

In the following sections, we will describe in detail the video sequence processing for breathing
measurement in Section 2. Then, the results of the measurement and analysis of the breathing rate are
described in Section 3. Comparisons with other studies will be presented in which Section. Finally,
conclusions and future developments will be stated in Section 4.

2. Materials and Methods
2.1. General modeling workflow

The general modeling workflow of different model generations is shown in Figure 1. The workflow
includes (1) object detection, (2) motion tracking, and (3) measurement.

(1) The object is identified by an artificial neural network model [26], YOLOv4 [30], to limit the area
where respiration occurs and warn in cases where the individual is covered with a blanket over the
head.

(2) The respiratory movement is determined by tracking the characteristic points found by the Shi-
Tomashi Corner detector algorithm [31], through the Lucas-Kanade algorithm [32], the respiratory
movement direction is extracted by the principal component analysis technique [28].

(3) The respiratory rate is the number of times the breath signal amplitude peaks in 1 minute, this value
will be compared with the normal breathing rate value to conclude.
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Figure 1. The general workflow of model generations: (1) Object detection process, (2) Motion tracking
process, and (3) Measurement process

2.2. Data collections

The breathing monitoring system includes a camera to record videos of a sleeping subject and a
computer to process the videos to give breathing results. Video data from the camera to the computer is
transmitted over the local area network (LAN). The system uses an IPC-C22EP-A-IMOU camera, a
resolution of 2 megapixels (1920x1080), speed of 20 frames per second. The size of the bed is 1.6m x
2 mor 1.8 m X 2 m. For installation, the camera is installed at an angle 6 of from opposite the subject
for seeing the rise and fall of the body when breathing occurs as shown in Figure 2. Our method detects
breathing based on the movement of points on the subject's body which are determined based on the
contrasting color of the clothes. For this reason, the participant is requested to wear the shirt and used
the blankets with many contrasting color points. Videos are processed on the computer through the

Python language platform, with the support of the OpenCV library, TensorFlow, and other support
packages.

Figure 2. Camera mstallatlon p05|tion

2.3. Object detection

In our research, we use a camera with a large FoV to ensure that the sleeping individual is always
within the input frame whatever where they are in the frames. This brings many parts of the frame that
do not contain respiratory activity such as empty beds, unused pillows, and blankets. Limiting the motion
tracking area eliminates unwanted movements during testing. Respiratory activity is visible in the upper
body including the chest, abdomen, and even the shoulders. Our proposed method limits the respiratory
monitoring area by predicting the human's position in the input frame using artificial neural network
models [26]. The YOLOv4-tiny network is selected due to its fast processing speed, suitable for real-
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time processing [33]. We used 1000 images of sleeping individuals in different positions, lights, and
distances to train the network. These images are obtained by collecting the subject's sleeping videos and
extracting images from the videos. 90% of the images in the dataset are used to train the network. 10%
of the images are used to validate the training results. Testing is done in real-time. The images are
manually labeled, the labeled area is the upper body area from the abdomen to the head.

(@) (b)

Figure 3. Feature extraction in dark environments

2.4. Motion tracking

Motion is tracked by tracking the change in the position of feature points across adjacent image
frames. The feature points are defined as the corner points where there is a color contrast of clothes by
the Harris method [34]. Breathing activity is most noticeable through the movement of fixed color points
on clothes. Therefore, the application of corner feature detectors is more effective than other methods
such as edge detectors or region detectors. The Harris method is based on the variation of brightness in
a small area of the image. These regions will greatly change the luminous intensity when siding a small
window across the image plane. The amount of change in intensity is the sum of the weights multiplied
by the intensity difference for all pixels in the small sliding window [31], [34]. Because of this technique,
participants were asked to wear clothes with lots of contrasting colors. However, the color difference
between the bed sheet and the subject's clothes is enough to have color contrasts. In the case of dark
environments, the grayscale image did not have many colors, but the contrast points were still clearly
visible. Figure 3 shows the results of finding features based on the corner feature detection technique.
The technique is still effective in dark environments.

Figure 4 shows the process of extracting and monitoring breathing rates, the general about how to
transform the change in frames into breathing waves. In the first frame, the features are identified by the
Shi-Tomasi algorithm [31]. This is an improved algorithm based on the Harris method with a better
threshold for determining the angle [31], [35]. The technique returns the number and coordinates (in
pixels) of corner features, called feature points. In each subsequent frame, the coordinates of the feature
points are extracted through the Optical flow algorithm [27]. The Optical flow algorithm tracks the
features over time through pixel difference, taking the displacement vectors of the feature points across
the image frames. The position of the feature at time t is I(x,y,t) after time dt is I(x,y,t+dt) [32].

I(x,y,y) =I1(x +dx,y +dy,t + dt) 1)

Taylor expansion of equation 1, we get the displacement vector V(x,y) which is the velocity vector
of the feature point in the x and y directions. This represents the change in the position of the pixel from
the t frame to the t+1 frame [32]. From there, we determine the coordinates of the feature points in the
adjacent image frames. The average value of the coordinate difference of all feature points in the current
frame and the previous frame is the movement due to breathing. It means the breathing movement point
in each frame is The respiratory movement point at each frame is determined by averaging the distance
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change of all moving points between two consecutive frames. The movement changes in both 2
dimensions x and y of the image plane, whose length depends on the size and resolution of the image.
Figure 5a shows the correlation of the movement between the two frames. The points tend to move on
both the x and y dimensions of the image coordinate plane, in which there is one dimension containing
more movement, that is the respiratory dimension. The next step is to determine the direction of
respiratory movement. The direction of respiratory movement is performed through PCA [28]. This
technique reconstructs the original data by selecting the eigenvector with the highest eigenvalue after
calculating the covariance matrix from the 2-D data. The pictures in Figures 5a and 5b present an
example of the reconstruction results when scratching it in discrete time. Plotting the data in domain
time, we get the respiratory signal (Figure 6). The Butterworth filter is used to filter the breathing signal.
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Figure 4. The process of motion tracking

2.5. Breathing rate measurement

By counting the number of times the signal amplitude peaks in one minute, we get the breathing rate
or measure the time between two times the signal peaks continuously and then infer the breathing rate.
The amplitude is peak when its value at time t is greater than the value at time t-1 and greater than the
value at time t+1. That is, (t-1) value <(t) value>(t+1) value. Figure 6 shows the number of signal peaks
in one minute. Finally, the respiratory rate results are displayed on the screen including a sine wave
signal showing the ongoing respiratory activity and the number of breaths per minute of the subject. The
results screen also shows whether the subject is an infant or an adult and also warns when breathing is
out of normal limits.
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Figure 5. The respiratory signal from motion data: movement points in 2 dimensions (left); respiratory
movement data (right).

All modeling and validating procedures were executed on a computer with the hardware
configuration of 12th Gen Intel(R) Core(TM) i7-1255U 1.70 GHz, NVIDIA GeForce MX570, 2 GB
GDDRS6, 16GB (DDR4) RAM and developed in Python and related packages.
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Figure 6. Respiratory signal of our proposed method.
2.6. Breathing rate validation method

The actual breathing rate is measured by the visual measurement method, which is considered
ground-truth data to compare with the measurement results from the proposed method. This method has
been applied in some previous studies [21], [23], [25]. Although the implementation is time-consuming,
the measurement results are accurate for each specific breath and suitable for use in the research process.
The visual breathing method is performed manually by counting the fluctuation of the points caused by
the inhalation on the individual’s upper body. The number of inhalations per minute is the breath rate.

3. Results and Discussion
3.1. Object detection

Figure 7 shows the result of the YOLO model after training 1000 images. The average accuracy of
the model is 65.67%, recall is 0.77(thresh=0.25), crossover rate (loU) is 44.00 %, precision is 0.55
(thresh=0.25), and loss is 0.4146. It can be seen that this result is not good because the average accuracy
and precision are not high. The small number of images is the main reason leading to this limitation.

oo
& o0 1860 60 400 2000 1000 560 woo gy ]
» - .

Figure 7. YOLO training results

The result of object detection was not good because of 2 main reasons. Firstly, the training data was
small, 1000 images only. Secondly, confusion between 2 classes, adults and children. In fact, it is
difficult to distinguish children and adults when sleeping, especially in the case of using blankets and
lying on their side.

These limitations can be solved by increasing the training data. Instead of dividing into 2 classes
(children and adults), just divide in 1 class (person). The reason is that the subject is a child or an adult
is defined at the beginning, it can be set as an input selected by the users.

3.2. Breathing rate validation in Children and Adults

The study tested 3 subjects (1 child and 2 adults). Subjects slept in light (daytime) and dark (night)
environments; distance from the camera to the subject from 1.2m to 2m; back, side, prone sleeping
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positions; with and without the use of blankets and fans. The total test duration was 130 min, randomly
selected between subjects’ sleep cycles.
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Figure 8. The respiratory signals: (a) amplitude difference between adults and children, (b) amplitude
difference when using or not using blankets compared with stopping breathing

The result shows that the amplitude of breathing signals in children and adults is different and
affected by sleeping position and the usage of blankets. The adult amplitude signal is greater than in
children (Figure 8a). The adult image part occupies a large area in the input frame, so the body
movement caused by respiration is larger than that of the infant, so the breathing monitoring results are
better. In addition to the effect of the subject's body size, breathing amplitude was also affected by the
usage of blankets during sleep. Even so, the signal amplitude is still much larger than apnea (Figure 8b).
Thus, the method has detected the sleep apnea phenomenon in children and adults.
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Figure 9. The respiratory signals in case of sleep apnea: (a) sleep apnea in children, (b) sleep apnea in adults

The main purpose of the study was to identify sleep apnea, which is difficult to practice in reality.
Therefore, we performed pseudo apnea in children and adults. It was not possible to fake apnea in
children, so we performed respiratory rate measurement on a dummy subject, a teddy bear placed in a
sleeping environment. The result in Figure 9a illustrates a really small signal found, the signal amplitude
was almost 10 times smaller than when there is a real subject and only 5 peaks were found in 1 min
period compared to 20-30 breaths/min in normal breathing rate. For adults, the signal amplitude was a
small fluctuation during the time the subject intentionally stopped breathing. Figure 9b gives an example
of stopping breathing in adults, the subject stopped breathing 2 times in 1 minute, and a really small
fluctuation was found during this time compared with that of breathing. The good effect of tracking
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small movements is also challenging because it will involve noise from outside influences. Small
oscillations that still occur without breathing are an example. However, the noise oscillation has a rather
small amplitude compared to the respiratory oscillation. So, setting the limit range of the breath signal
amplitude may give better results. It will be experimental at the advanced stage of this study.

Breathing rate measurement errors are different in different sleeping conditions. The given results in
Table 1 show the absolute errors-AE and relative errors-RE between the predicted value and the ground-
truth value. They were from 0.3 - 0.6 breaths/min (1.6% - 4.1%) in adults and from 0.2 - 1.8 breaths/min
(0.9% - 8.1%) in children. The breathing rate is influenced by dynamic factors such as blankets, fans,
distance, and sleeping position. When the subject lying on the stomach, the error was higher than in
other cases because the vibrations of the thorax were obscured. However, the up and down of the thorax
acts as a lever, causing the rise and fall of the upper body when breathing, thereby, the feature points on
the back of the subject fluctuated. Although the fan generates noisy oscillations, these oscillation vectors
are eliminated by the PCA technique, so the accuracy is maintained stable at about 97.5%. In the
measurement respiratory rate of children, the accuracy is reduced when using blankets.

Table 1. Measurement errors in cases of using blankets, fans, and normal sleep between adults and children

AE RE
Conditions
Adults Children Adults Children
Blankets 0.4 1.8 2.2 8.1
Day Fan 0.4 1.0 2.3 4.8
Normal 0.6 0.5 4.1 24
Blankets 0.6 1 3.1 4.9
Night Fan 0.3 0.4 1.6 1.9
Normal 0.3 0.2 1.6 0.9

In addition, measurement errors are also affected by sleeping positions. Experimental results in 3
different cases including lying on your side with a blanket, lying on your side without a blanket and
lying on your back without a blanket show that the error when lying on your side is 2 times higher than
lying on your back in the case without a blanket (Table 2). Breathing accuracy in children is more
unstable when subjects change sleeping positions than in adults. Even so, the system remained stable
with an average accuracy of more than 95% in both adults and children.

Table 2. Measurement errors in cases of sleeping on the side, and back between adults and children

AE RE
Conditions
Adults Children Adults Children
Side Blankets 0.4 1.8 2.2 8.1
Day Side No blankets 0.4 0.5 2.3 2.4
Back No blankets 0.2 0.8 1.2 35
Side Blankets 0.6 1 3.1 4.8
Night Side No blankets 0.3 0.4 1.6 1.9
Back No blankets 0.3 0.2 1.6 0.9

This proposed method has detected sleep apnea in children and adults with higher practical
implementation ability than in previous studies. The input image of the studies [21], [25] showed the
limitation that the subject would be out of the camera frame if they changed their position, or moved to
another position on the bed. We have overcome the above limitation by using a camera with a large
FoV, then using the YOLO model to identify and process the algorithm on the subject area. Table 3
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shows the detail in the comparison between our study and the previous study. It can be seen that the
result of tracking respiratory using an optical flow technique is more efficient than the spatial difference.
The average accuracy of our proposal is 4% higher than the previous study in the nearly same testing
conditions [25]. Our method also gave good testing results in adults while the compared method tested
on children only with a fixed sleeping position (Table 3).

Table 3. The comparison between our study and the previous study [25]

No Content Our method Previous study
1 Technique Optical flow + PCA Spatial difference
2 Subject Children and adults Children
3 FoV Large Small
4 Conditions Sleep on back and wind Sleep on back and wind
5 Number of frames 18000 1940
6 Prediction (on children) 96.65% 92.32%

4. Conclusions

Detecting sleep apnea at home not only brings a safe feeling to patients and caregivers but also is a
potential way to automate the health monitoring process. Our approach solved that problem by using a
camera with a large view integrated with artificial intelligence and image processing algorithms. With
an error of fewer than 2 breaths/minute, the method has the potential for practical implementation. This
proposed method has 2 main contributions. First, regarding home-based applications, automated non-
contact breathing monitoring reduces stress on caregivers, and gives a comfortable feeling to patients.
Second, regarding academics, this research has solved the problem of tracking small movements in
frames with a large FoV to respond in real time.

However, our proposed method also has limitations. The results of object detection by YOLO are
limited due to confusion between two classifications (children and adults). In the next phase of the study,
we will improve this result by using only 1 subclass for feature tracking because it is difficult to
distinguish the object as a child or an adult while lying. The second limitation is that the number of
tested samples is limited (3 people). The main reason is that setting up to monitor real sleep positions
requires the consent of the participants because it is private and they do not really trust its effectiveness.
However, on the tested samples, we tested their actual sleep patterns in different conditions and lighting
environments. This initial result is really needed before expanding future deployments.

In perspective, we will develop the tracking algorithm to give better measurement results and the
ability to monitor the breathing rate of many subjects at the same time.

Acknowledgments

This study is supported by Eastern International University and Ho Chi Minh City University of
Technology.

REFERENCES

[1] M. A. Cretikos, R. Bellomo, K. Hillman, J. Chen, S. Finfer, and A. Flabouris, “Respiratory rate: the neglected vital sign,” Medical
Journal of Australia, vol. 188, no. 11, pp. 657659, 2008.

[2] R. M. H. Schein, N. Hazday, M. Pena, B. H. Ruben, and C. L. Sprung, “Clinical Antecedents to In-Hospital Cardiopulmonary Arrest,”
Chest, vol. 98, no. 6, pp. 1388-1392, Dec. 1990, doi: 10.1378/chest.98.6.1388.

[3] D. Farmakis, J. Parissis, J. Lekakis, and G. Filippatos, “Acute Heart Failure: Epidemiology, Risk Factors, and Prevention,” Revista
Espafiola de Cardiologia (English Edition), vol. 68, no. 3, pp. 245-248, Mar. 2015, doi: 10.1016/j.rec.2014.11.004.

[4]  O.Ruuskanen, E. Lahti, L. C. Jennings, and D. R. Murdoch, “Viral pneumonia,” The Lancet, vol. 377, no. 9773, pp. 1264-1275, Apr.
2011, doi: 10.1016/S0140-6736(10)61459-6.

[5] N. M. Punjabi, “The epidemiology of adult obstructive sleep apnea,” Proc. Am. Thorac. Soc., vol. 5, no. 2, pp. 136-143, 2008.

[6] E.S.Katz, R. B. Mitchell, and C. M. D’ Ambrosio, “Obstructive sleep apnea in infants,” Am. J. Respir. Crit. Care Med., vol. 185, no. 8,
pp. 805-816, 2012.

[71 H. K. Yaggi, J. Concato, W. N. Kernan, J. H. Lichtman, L. M. Brass, and V. Mohsenin, “Obstructive sleep apnea as a risk factor for
stroke and death,” New England Journal of Medicine, vol. 353, no. 19, pp. 2034-2041, 2005.

JTE, Issue 78B, August 2023 34


mailto:jte@hcmute.edu.vn

JTE JOURNAL OF TECHNICAL EDUCATION SCIENCE
Ho Chi Minh City University of Technology and Education
HCMUTE Website: https://jte.edu.vn

ISSN: 2615-9740 Email: jte@hcmute.edu.vn

[8]
[9]

[10]
[11]
[12]
[13]
[14]
[15]
[16]
[17]
[18]
[19]

[20]
[21]

[22]
[23]
[24]
[25]
[26]
[27]
[28]
[29]
[30]
[31]

[32]
[33]

[34]
[35]

M. Heron, “Comparability of Race-specific Mortality Data Based on 1977 Versus 1997 Reporting Standards,” National vital statistics
reports, vol. 70, no. 3, pp. 1-31, Apr. 2021.

H. Liu, J. Allen, D. Zheng, and F. Chen, “Recent development of respiratory rate measurement technologies,” Physiol. Meas., vol. 40,
no. 7, p. 07TRO1, 2019, doi: 10.1088/1361-6579/ab299e.

X. Chen, Y. Xiao, Y. Tang, J. F. Mendoza, and G. Cao, “ApneaDetector: Detecting Sleep Apnea with Smartwatches,” Proc. ACM
Interact. Mob. Wearable Ubiquitous Technol., vol. 5, no. 2, pp. 1-22, Jun. 2021, doi: 10.1145/3463514.

P. H. Charlton et al., “Breathing rate estimation from the electrocardiogram and photoplethysmogram: A review,” IEEE Rev. Biomed.
Eng., vol. 11, pp. 2-20, 2017.

C. Massaroni, A. Nicold, D. L. Presti, M. Sacchetti, S. Silvestri, and E. Schena, “Contact-based methods for measuring respiratory rate,”
Sensors, vol. 19, no. 4, p. 908, 2019.

R. Ruangsuwana, G. Velikic, and M. Bocko, “Methods to extract respiration information from ECG signals,” in 2010 IEEE International
Conference on Acoustics, Speech and Signal Processing, IEEE, 2010, pp. 570-573. doi: 10.1109/ICASSP.2010.5495584.

A. John, B. Cardiff, and D. John, “A 1D-CNN based deep learning technique for sleep apnea detection in iot sensors,” in 2021 IEEE
International Symposium on Circuits and Systems (ISCAS), IEEE, 2021, pp. 1-5.

1. M. Costanzo, D. Sen, L. Rhein, and U. Guler, “Respiratory monitoring: Current state of the art and future roads,” IEEE Rev. Biomed.
Eng., vol. 15, pp. 103-121, 2022.

E. Dafna, T. Rosenwein, A. Tarasiuk, and Y. Zigel, “Breathing rate estimation during sleep using audio signal analysis,” in 2015 37th
Annual International Conference of the IEEE Engineering in Medicine and Biology Society (EMBC), IEEE, 2015, pp. 5981-5984.

A. D. Droitcour, “Non-contact measurement of heart and respiration rates with a single-chip microwave Doppler radar,” Ph.D thesis,
Stanford University, 2006.

W. Li, B. Tan, and R. J. Piechocki, “Non-contact breathing detection using passive radar,” in 2016 IEEE International Conference on
Communications (ICC), IEEE, 2016, pp. 1-6.

C. Mak and Y. Lui, “The effect of sound on office productivity,” Building Services Engineering Research and Technology, vol. 33, no.
3, pp. 339-345, Aug. 2012, doi: 10.1177/0143624411412253.

Y. Shi and F. D. Real, “Smart cameras: Fundamentals and classification,” in Smart cameras, Springer, 2009, pp. 19-34.

M. H. Li, A. Yadollahi, and B. Taati, “A non-contact vision-based system for respiratory rate estimation,” in 2014 36th Annual
International Conference of the IEEE Engineering in Medicine and Biology Society, IEEE, 2014, pp. 2119-2122.

G. Jayatilaka, H. Weligampola, S. Sritharan, P. Pathmanathan, R. Ragel, and 1. Nawinne, “Non-contact infant sleep apnea detection,” in
2019 14th Conference on Industrial and Information Systems (ICIIS), IEEE, 2019, pp. 260-265.

K. S. Tan, R. Saatchi, H. Elphick, and D. Burke, “Real-time vision based respiration monitoring system,” in 2010 7th International
Symposium on Communication Systems, Networks & Digital Signal Processing (CSNDSP 2010), IEEE, 2010, pp. 770-774.

A. Sobral and A. Vacavant, “A comprehensive review of background subtraction algorithms evaluated with synthetic and real videos,”
Computer Vision and Image Understanding, vol. 122, pp. 4-21, May 2014, doi: 10.1016/j.cviu.2013.12.005.

C. Y. Fang, H. H. Hsieh, and S. W. Chen, “A vision-based infant respiratory frequency detection system,” in 2015 International
Conference on Digital Image Computing: Techniques and Applications (DICTA), IEEE, 2015, pp. 1-8.

K. O’Shea and R. Nash, “An introduction to convolutional neural networks,” arXiv preprint arXiv:1511.08458, 2015.

S. Baker and [. Matthews, “Lucas-kanade 20 years on: A unifying framework,” Int. J. Comput. Vis., vol. 56, no. 3, pp. 221-255, 2004.
S. P. Mishra et al., “Multivariate statistical data analysis-principal component analysis (PCA),” International Journal of Livestock
Research, vol. 7, no. 5, pp. 60-78, 2017.

T. M. T. Nguyen, V. C. Pham, V. L. Tran, and X. Q. Dao, “Respiratory rate monitoring during sleep using camera,” Eastern International
University Scientific Research Conference (EIUSRC2022), Dec. 2022.

A. Bochkovskiy, C. Y. Wang, and H. Y. M. Liao, “Yolov4: Optimal speed and accuracy of object detection,” arXiv preprint
arXiv:2004.10934, 2020.

J. Shi, “Good features to track,” in 1994 Proceedings of IEEE conference on computer vision and pattern recognition, IEEE, 1994, pp.
593-600.

N. Sharmin and R. Brad, “Optimal filter estimation for Lucas-Kanade optical flow,” Sensors, vol. 12, no. 9, pp. 12694-12709, 2012.
A. Bochkovskiy, C. Y. Wang, and H. Y. M. Liao, “Yolov4: Optimal speed and accuracy of object detection,” arXiv preprint
arXiv:2004.10934, 2020.

C. Harris and M. Stephens, “A combined corner and edge detector,” in Alvey vision conference, Manchester, UK, 1988, pp. 10-5244.
H. A. Kadhim and W. A. Araheemah, “A comparative between corner-detectors (Harris, Shi-Tomasi & FAST) in images noisy using
non-local means filter,” Journal of Al-Qadisiyah for computer science and mathematics, vol. 11, no. 3, p. 86, 2019.

Nguyen Thi My Thanh is a Lecturer at the School of Engineering, Eastern International University, Binh Duong, Vietnam.
She received a master’s degree in automation and control engineering from Ho Chi Minh City University of Technology, in
2023.

Her research interest includes intelligent control and biomedical engineering: health diagnosis based on computer vision.
Email: thanh.nguyenthimy@eiu.edu.vn

Nguyen Tan Nhu is a Lecturer at the School of Engineering, Eastern International University, Binh Duong, Vietnam. He
received a Ph.D. degree at Sorbonne University — University of Technology of Compiegne, France, in 2020.

His research interests include biomedical engineering, knowledge, and system engineering, in-silico medicine, and digital twin
for biomedical and industry 4.0 applications. Email: nhu.nguyentan@eiu.edu.vn

Pham Viet Cuong is a Lecturer at the Department of Control Engineering and Automation, HCMUT, VNU-HCM, Vietnam.
He received a Ph.D. degree in electrical engineering from National Cheng Kung University, Taiwan, in 2013. From 2013 to
2015 he worked as a postdoctoral researcher at National Cheng Kung University, Taiwan.

His research interests include computer vision, machine learning, deep learning, mobile robot exploration, localization, and
mapping. Email: pvcuong@hcmut.edu.vn

JTE, Issue 78B, August 2023 35


mailto:jte@hcmute.edu.vn

