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Abstract

Respiratory rate (RR) monitoring is essential in neonatal intensive care units. Despite its importance, RR is still monitored
intermittently by manual counting instead of continuous monitoring due to the risk of skin damage with prolonged use of
contact electrodes in preterm neonates and false signals due to displacement of electrodes. Thermal imaging has recently
gained significance as a non-contact method for RR detection because of its many advantages. However, due to the lack of
information in thermal images, the selection and tracking of the region of interest (ROI) in thermal images for neonates are
challenging. This paper presents the integration of visible (RGB) and thermal (T) image sequences for the selection and
tracking of ROI for breathing rate extraction. The deep-learning based tracking-by-detection approach is employed to detect
the ROI in the RGB images, and it is mapped to the thermal images using the RGB-T image registration. The mapped ROI
in thermal spectrum sequences gives the respiratory rate. The study was conducted first on healthy adults in different modes,
including steady, motion, talking, and variable respiratory order. Subsequently, the method is tested on neonates in a clini-
cal settings. The findings have been validated with a contact-based reference method.The average absolute error between
the proposed and belt-based contact method in healthy adults reached 0.1 bpm and for more challenging conditions was
approximately 1.5 bpm and 1.8 bpm, respectively. In the case of neonates, the average error is 1.5 bpm, which are promis-
ing results. The Bland—Altman analysis showed a good agreement of estimated RR with the reference method RR and this
pilot study provided the evidence of using the proposed approach as a contactless method for the respiratory rate detection
of neonates in clinical settings.
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1 Introduction
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survival, especially when born prematurely. During the first
month after birth, vital signs must be continuously moni-
tored. The respiratory rate is a vital indicator in neonatal
intensive care units (NICU) [1]. Respiratory diseases are one
of the leading causes of morbidity in neonates, and the inci-
dence of these diseases is higher among preterm neonates
[2, 3]. Many preterm neonates need admission and monitor-
ing in special care neonatal units. Studies have shown that
there is an increment in the number of neonatal admission
due to respiratory distress [4]. Detection and assessment of
respiratory dysfunction at an early stage enable appropriate
medical treatment, and respiratory monitoring saves the lives
of newborns [5].

The respiratory rate (RR) measurement involves the
counting of breathing cycles per minute and is generally
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indicated by bpm (breath per minute). The breathing cycle
is composed of inspiration and expiration, which are physi-
ological phenomena used for the intake of oxygenated air
into the lungs and the release of carbon dioxide-rich air to
the environment, respectively. Generally, the intake air tem-
perature is lower than the exhaled air at room temperature.
The range of RR in healthy adults varies from 12 to 20 bpm
whereas newborn infants breathe at a faster rate and normal
RR in neonates varies from 30 to 60 bpm [6, 7]. The litera-
ture has evidence that despite the importance of continuous
respiration monitoring benefits, it is usually ignored in pri-
mary care. Physician and nursing staff usually measure the
respiratory rate manually by counting abdominal and chest
movements [1, 8].

Two methods based on a wearable sensor are predomi-
nantly used for RR measurement. One is measuring the
changes in impedance due to the chest and abdomen move-
ments. The second is indirectly measured by a pulse oxime-
ter. To measure the impedance changes, a small electrical
signal is passed through the adhesive skin electrodes. The
placement and removal of these adhesive skin sensors (elec-
trodes) and the presence of all sensors cause discomfort and
can even be painful [9].

Neonates with a gestational age of less than 28 weeks
are more prone to suffering from epidermal stripping due to
the use of adhesive sensors [10]. Premature infants, particu-
larly those with an underdeveloped central nervous system,
are extremely susceptible to external stimuli. Another set
of problems, including motion artefacts, sensor dislocation,
calibration shift, false connections, and the possibility of
infection are associated with adhesive sensors. Motion arte-
facts due to the dislocation of the sensor are problematic
when attempting continuous respiratory rate detection in
neonates. Also, the chest impedance presents a limitation
when detecting episodes of apnea [11]. Hence, an alterna-
tive, non-contact method would resolve these issues for the
monitoring of respiration rate to provide neonatal care in
both intensive care centres and homes.

This study aims to develop an approach for automatic
region of interest (ROI) selection based on a contactless
respiration rate (RR) measurement. The proposed method
integrates visible and thermal imaging to estimate the RR.
The visible image is used to find the facial landmarks for
the ROI selection and tracking, while the thermal image is
utilized to extract the respiratory signals. The contributions
in this work are:

e The registration algorithm provides a linear mapping
between thermal imaging and visible imaging so that
the extracted facial landmarks in the visible domain are
correctly mapped to the corresponding thermal image.

e A deep learning-based approach is employed for ROI
selection and tracking.

@ Springer

e For the proof of concept, first, we applied the proposed
method among healthy adults in a lab setting. Then, the
method was tested on neonates in a clinical setting.

2 Related work

In recent years, significant efforts have been made to develop
a non-contact-based method for RR monitoring to overcome
the drawbacks of the contact-based methods. Laser Dop-
pler, radio frequency, and ultra-wideband impulse radio
have been investigated for the extraction of respiration rate.
Scalice et al. [12, 13] used a laser Doppler vibrometer in a
contactless manner to detect abdominal movement for RR
calculation; however, this method risks exposing neonates'
eyes to laser light and relies on surface reflectance. Kim
et al. [14] used impulse radio ultra-wideband on neonates
to estimate the breathing cycle. The results were promis-
ing and correlated well with the contact-based impedance
pneumography. The method has the benefit of being able
to detect the signal under challenging conditions, such as a
baby being covered with blankets or garments, and even in
darkness, however, it was found to be sensitive to the new-
born infant’s motion. Another approach by Khaemphukh-
iao et al. [15] used a radio frequency for the detection of
RR, but the method was not tested in a clinical setting. The
major concern with the radar-based method is the use of
electromagnetic waves. Radiation exposure has a negative
impact on the health of neonates and may sometimes cause
adverse effects such as nervous system disorder [16]. As a
result, researchers have taken an interest in the development
of methodologies that employs passive modalities, such as
visible cameras and infrared thermography. In addition, the
camera-based methodology supports remote measurement
and a large field of view (FOV), which adds the possibility
of detecting the respiratory signals of multiple people. The
visible camera has been used to find the RR either by using
the concept of motion-based or reflectance photoplethys-
mography (PPG) based. The motion-based technique works
on the basis of the detection of subtle changes in the chest
wall, whereas the PPG-based technique detects the change
in optical characteristics of the red, green, or blue spectrum
of light transmitted or reflected by human skin. The motion-
based methods have challenges in separating the breathing-
induced movements from the movements not related to the
breathing process.

Gastel et al. [17] presented a method of extracting the
breathing signal from breathing-induced skin colour changes
by exploiting the spatial redundancy in both visible and infra-
red lighting conditions. The method was tested on the NICU
and achieved a correlation of 0.87. Cobos et al. [18] used
the skin colour variation in a particular area of the newborn
baby’s diaphragm to find the heart rate and breathing rate. Sun



Journal of Clinical Monitoring and Computing

et al. [19] compared the conventional optical flow and deep
learning-based flow to calculate the breathing-induced motion
matrix. The breathing signal was obtained through motion fac-
torization and compared with the signal extracted via chest
impedance in the NICU. Villarroel et al. [20] proposed a multi-
task convolutional neural network (CNN) for the segmenta-
tion of skin or non-skin automatically and estimated the vital
signs from the segmented skin only when the newborn was
in the field of view. The clinical aspect of the newborn data
sample were studied in detail. Additionally, it performed well
in low-light conditions. However, it has been suggested that
more research is needed for dark-skinned subjects and dark
ambient conditions. Further, Khanam et al. [21] used a CNN
for the ROI selection and noise-assisted signal decomposition
to supress the noise in the extracted respiratory signal.

Abbeas et al. [22] proposed an approach using thermal imag-
ing to extract respiration signals from premature infants. The
nostril region was selected as the ROI and the nasal airflow
temperature variation was used to calculate the RR. Klaes-
sens et al. [23] used a visible colour camera to find the heart
rate and a thermal camera to obtain the respiration rate and
validated it using an ECG-based technique. Pereira et al. [24]
used a high definition infrared camera and particle filter-based
tracking on high-resolution infrared frames to find the RR
in newborns. Furthermore, a Butterworth filter was applied
to obtain a smoothed respiratory signal for RR monitoring
purpose. The ROI selection for this work was manual. For a
similar objective in the case of newborn babies, Pereira et al.
[25] developed an automatically ROI selection based ‘black-
box’ algorithm in which the movement of the grid boxes with
a high signal to noise ratio is fused on a probability basis to
extract the respiration movement. However, this methodology
works efficiently even in frontal-view cases, which was the
limitation in the previous study [24], as there is no need for
nostril detection in this methodology. Lorato et al. [26] pro-
posed an automatic ROI selection-based algorithm by merg-
ing three low resolution thermal camera views to extract the
breathing signal from the pixels that have respiration motion or
flow. Besides the benefit of not depending on facial landmark
detection, the algorithm dealt with the problems of significant
motion of infants and the presence of another person in the
FOV. Further, Lorato et al. [27] addressed the problems of
more challenging conditions such as head and limb movement
and also the motion caused by non-nutritive sucking by motion
detection and optimizing the motion that hides the respiration
information.

3 Proposed methodology

In this work, the visible image sequences are integrated with
the thermal image sequences for the breathing rate detection.
For the integration of visible and thermal images (termed

RGB-T) spectrum data is collected using a dual imaging
setup and aligned by the RGB-T image registration. Visible
images are used to detect and track the ROI, and thermal
images are used to extract the respiratory signal from the
selected ROI. The flowchart of the methodology is depicted
in Fig. 1, and each step is elaborated in detail below.

3.1 Acquisition of RGB-T

The integration of thermal and visible image sequences cap-
tured by the visible and thermal cameras gives the benefits
of using the complementary features of RGB and thermal
images. The RGB-T dataset is acquired by visible and ther-
mal cameras simultaneously. To capture the same field of
view with both cameras, they should be positioned parallel
to one another and separated by a modest distance, as per
the pinhole camera paradigm. The details of camera speci-
fication and configuration are discussed in the experimental
subsection. The acquisition is triggered by the custom acqui-
sition software with a zero-lapse time.

3.2 RGB-T image registration

The two modalities have different principles of imaging. The
visible camera captures the RGB image, which captures the
object's information in the visible spectrum, while the ther-
mal camera captures the object’s information in the infrared
spectrum. In the integration of RGB-T spectrum data, the RGB
spectrum has more information than the thermal spectrum,
and the thermal image adds a meaningful band of informa-
tion for determining the temperature distribution of objects.
Due to the different modalities and configurations of cameras,
the alignment of both types of images is required. By utilizing
the RGB-T registration, the frames from the visible camera are
aligned to the thermal frames. Traditionally, both cameras are
usually fixed, and calibration is performed to obtain the aligned
images. The scale and translation parameters obtained by per-
forming the calibration were used to obtain the transformation
matrix for alignment. This type of transformation depends on
the camera parameters, and parameters vary according to the
camera and distance from the object. To overcome this prob-
lem, we used the automatic two-phase registration method.
First, the scale of large-sized visible images is adjusted to align
them with the thermal image coordinate. After that, the precise
registration is employed to tune the alignment of RGB-T pairs.
A calibration rig is used for the scale adjustment method to
automatically detect correspondence points in both RGB and
thermal image pairs. The calibration rig is a square-cut check-
erbox constructed from a material that is an inefficient heat
conductor. The calibration rig is used during the initial phase
of recording, and the person holds the rig during the initial
recording in front of his body to emphasize the good contrast.
More details about the calibration-based method can be found

@ Springer
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Fig.1 The flowchart depicting the proposed method's steps. The
RGB-T video dataset is collected by the dual camera setup. The
RGB-T registration gives the transformation matrix to provide the
linear mapping. The deep learning-based TD approach performs the

in previous work [28]. Due to a large difference in resolution
between RGB and thermal images, there is a significant scale
disparity between RGB and thermal image pairings. The scale
adjustment steps overcome the large-scale disparity between
RGB and thermal image pairs. In case of newborn infants data
acquisition, the calibration is performed during setup. Although
the scale adjustments aligned the RGB image sequences, there
might be some misalignment caused by the selection of limited
number of correspondence points from a small region. After
the scale adjustment, the alignment is refined using a phase
congruency-based automatic registration algorithm. The phase
congruency represents the structural key features such as edges
and corners. Instead of using derivatives, the phase congruency
defines the feature points in the image where all Fourier com-
ponents are in phase [29]. The phase congruency is calculated
by applying the 2D log Gabor wavelet with multiple scales and
orientations [30]. The precision registration involved the fol-
lowing steps:

1. The initial step is to find the key feature points in the
RGB-T pair. The phase congruency at scale k and ori-
entation o is used to find the edges and corner points
in RGB-T pair. For the imagel(x, y), the odd and even

@ Springer

ROI selection and tracking in RGB images and by using transfor-
mation matrix maps in the thermal spectrum images. Some filtering
approaches are utilized to extract the respiratory signal from the raw
signal

components of the 2D log Gabor filter ([LGng, LG;¥"])
of each scale k and orientation o are applied to calculate

the amplitude response MR, (x,y) of the image [30].

[ER](O(X’ y)’ ORko(x’ y)]

1
= [I(x,y) * LG, I(x,y) * LG}%] M
MRy, (x.5) = \ ER, (x. )" + ORy, (x.y) @)

The phase congruency of each orientation is calculated
by the use of the odd and even responses of the log-Gabor
filter [30].

Y @,(x,y) * max((E = Ty),0)

PC (x.y) =
o) Y MR, (x.y) + €

3

where, the element o, (x, y) quantifies the sigmoidal weight-
ing function to penalizes the frequency distribution. The ele-
ment Ty, is used to effectively wavelet denoising via soft
thresholding. The max function gives the maximum values
of enclosed variables. € is a small positive real value used
to prevent the division by zero. In Eq. (3) E is calculated as:
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—even —odd —odd —even
E= ERko(-x’ )’)9(, (.X, )’) + ORko(x9 y)90 (-x’ y) - ERko(x9 Y)g(, (-x’ y) - ORko(xs y)e,, ()C, y) (4)

where,

gzvm(xa y) = Z ER,,(x,y)/AR,(x,y) )
k

—odd

00 (x7 y) = 2 ORko(x7 Y)/ARU(X, )’) (6)
k

AR, (x,y) = \/ D ER,(x.5)+ Y OR,(x.y) + ¢ 7
k k

The concept of classical moment analysis equations
[31] is applied to the obtained phase congruency maps of
each orientation angle ¢ as follows:

p =Y, (PC(@)cos(¢))’ ®)
q=2 Y (PC(§)cos($)) - (PC($)sin(¢)) ©
r= ., (PC(@)sin(¢))’ (10)
M=%(r+p+\/m) (D
m=%(r+p—\/m) (12)

The M and m are the maximum moment and minimum
moment images respectively for an image I(x, y). The FAST
[32] algorithm is applied on the M and m to extract the edges
and corners keypoints in image I(x, y).

2. Feature descriptors are used to distinguish feature points.
The feature descriptor quantified the feature points with
the neighbourhood information. The calculated log-
Gabor responses are utilized to find the feature descrip-
tor. For each orientation o, the sum of the amplitude
response MR(x,y) (using Eq. (2)) at each scale k is cal-
culated and they are stacked for each orientation o to
form an array {MR];(x, y)}llv", where N, represents the
total number of orientations. The maximum value of
{MRﬁ (x, y)}llv" at each pixel location (x, y) and its index
values i are utilized to build a histogram for feature
description similar to SIFT [33].

3. After locating the feature points and corresponding point
descriptors in both images, the sum of square differences
is used to perform feature matching. When the nearest

neighbour distance ratio is met, the feature points of
two images are matched. The matched feature points are
used to calculate the geometrical affine transformation
matrix using fast sample consensus (FSC) [34].

3.3 ROl selection and tracking

The fundamental concept of this work is to use the RGB image
sequences for ROI selection and tracking, then by applying the
obtained transformation matrix through registration, to conduct
linear mapping of the ROI in the thermal image sequences. The
mapped ROI in the thermal images is then used to extract the
respiratory signal. The RGB image sequences have more detailed
information compared to the thermal images and have a large
database and pre-trained models for the detection of facial fea-
tures. Haarcascade classifiers [35] for nose detection, multi-task
cascaded convolution neural network (MTCNN) [36] and, more
recently, the YOLOS5Face detection [37] model are mostly used
for the detection of faces and facial keypoints. The YOLOS5Face
detection model is designed by the YOLOVS5 object detector
[38]. The five key facial landmark regression introduced in the
YOLOVS5 model with the Wing loss function. Additionally, the
key modification in stem block structure and the block in the
architecture were introduced to make it for the face and face
landmark detection. It was not only achieved high accuracy than
the state-of-the-art techniques, but also perform faster [37]. The
YOLOS5Face model can accurately detect the centre of the left
and right eye, the tip of the nose, and the right and left mouth
corners. The ROI defining the nostril region consists of the rec-
tangular bounding box defined by corner (bx,by), width w and
height h. Assuming that (nx,ny), (mlx,mly), and (mrx,nry) are the
coordinates of the tip of the nose, the left corner of the mouth,
and the right corner of the mouth, respectively. The ROI for RR
monitoring is defined as bellow:

ROI = [bx,by,w,h] =[x —-—w,ny—1n,2 - w,3 1] (13)
where,
\/(mlx —nx)? + (mly — ny)?
n = round (14)
4
< |mix — mrx| )
w = round —

The tracking approach utilizes either the manual selection
of objects in the initial frame and performing the tracking in
subsequent frames or combining the detector model with the

@ Springer
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tracking model to perform automatic tracking, which is gen-
erally called the "tacking-by-detection (TD)" approach [39].
The TD-based method is simple to implement and performs
efficiently in terms of object variation, scene variation, and
the number of targets. In this work, the deep learning-based
tracking by detection approach is used, which includes the
YOLOS5Face detector [37] and the dlib correlation tracker [40]
to perform the automatic ROI selection in more challenging
conditions, e.g., rapid movement, multiple people, and high
dynamic background. Also, it handles the deviation of objects
from the FOV or occlusions by reinitialization of the detectors.
As illustrated in Fig. 1, the deep learning-based TD technique
used a selection operator to associate detection with tracked
frames.

The functioning of the deep learning-based TD approach for
ROI detection and tracking has been explained in Algorithm 1.
The main work of the selection operator is to enable learning of
the tracking model when tracking fails. The status of tracking
and detection is defined by ¢, and d,, respectively. At the initial
frame of the video, the detection is performed, and the tracking
is initialized with the selected ROI. After that, the function of
selection operator is performed in successive frames as follows:

1. When both ¢, and d, are True, tracking will be enable in
the successive frame,

2. When one or both of z, and d, are False, the tracking
will disable, and detection will be performed for the ROI
detection.

Algorithm 1 Deep learning-based TD approach
Input: RGB, T, TrackingEnable = False, DetectEnable = True
Output: The final result R

1. fori = 1:N

2. if DetectEnable

3. roi,d; = YOLOS5Face(RGB(i))

4. Tracker Initialize(RGB (i), roi)

5. end if

6. if TrackingEnable

7. tracked,,;, ts = Tracking(RGB(i))

8. R(i) = Crop(T(i),tracked,,;)

9. if (d; && t5)

10. DetectEnable = False

11. else

12. new,,;,ds = YOLOS5Face(RGB(i))

13. if Ds

14. R(i) = Crop(T (i), newyy;)

15. else

16. R(i) = Crop(T(i),tracked,;)

17. end if

18. end if

19. end if

20. show(R(i))

21.  end for

@ Springer

3.4 Extraction of respiratory signal and RR

The cropped image R obtained by the deep learning-based
TD framework in the RGB frame is linearly mapped to
obtain the ROI in the thermal image. The linear mapping
is obtained by applying the transformation matrix obtained
through the RGB-T image registration. The mapped ROI
IRT g, has the respiratory signal information, and the res-
piratory signal is obtained by the averaging of the pixels
value in the IRTy,,;. The raw respiratory signal 7s in each
frame i of the video sequence is calculated as:

W—-1H-1
— . 1 .
() = DD IRT gy (x.y.1) (15)

x=0 y=0

where, the IRT , is the mapped ROI in the thermal image.
The width and height of the mapped ROI are denoted by
W and H, respectively. To extract the smoothed respiration
signal, filtering approaches are applied to the normalized
raw respiratory signal. First, the unwanted spikes are filtered
out by a Hampel filter [41], secondly, a moving average filter
is applied to smooth out abrupt changes. Lastly, we used a
Butterworth bandpass filter of 2nd order with a configura-
tion of 3 dB low pass and high pass cut off range [0.1, 0.85]
for the healthy adults and [0.5, 1.5] for newborn infants,
respectively. The respiratory rate is obtained by applying the
chirp Z transformation (CZT) [42] on the smoothed respira-
tory signal. In clinical practice, the physicians and nursing
staffs count the breathing cycle either in 30 or 60 s for the
RR measurements [43]. To analyse and calculate the rate,
the window of 30 s with a sliding step of 20 s has been used
in this work.

4 Experimental setup and protocol

The developed algorithm has been applied first to healthy
volunteers to validate the feasibility of the work. The data of
healthy adults were collected to evaluate the human breath-
ing rate in a room environment. The newborn data was
obtained from the neonatal intensive care unit in the pres-
ence of health experts and nursing staff. The camera con-
figuration used was a dual camera setup as shown in Table 1.

4.1 Study in healthy adults

The human data is collected in three protocol settings to see
the efficiency of the proposed approach in more challeng-
ing cases like high movement, talking, and dynamic breath-
ing patterns. The study included the 14 healthy adults with
an average age of 29.7 +2.8. The dual camera setup was
mounted on a tripod and was about 180 cm away from the
subjects. The data is collected mainly in three modes, Mode
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Table 1 The configuration and

- . Modality Name Type Fps Resolution Thermal sensitivity Reference
specifications of the cameras
used in the experiments Infrared  FLIR-E60 LWIR 30 320%240 0.05°C at 30 FLIR Systems
thermog- Inc
raphy
Visible C922 webcam Color 30 960x720 - Logitech International S.A

A, B, and C. In Mode A, the person was seated on a chair
in a comfortable, steady position and was told to breathe
at their own pace for a time period of 1 min 20 s. Mode A
setting is to see the efficacy in clinical setting scenario. In
Mode B, persons were allowed to move and talk during the
breathing recording. However, the person was restricted to
be seated on the chair and not performing any movement
beyond the FOV. Mode B is attempting to simulate practical
scenarios such as measurements in social gatherings, quar-
antine centers, and airport screening. The duration of record-
ing was the same as in Mode A. In Mode C, the healthy
adults have been told to breathe in varying orders, such as
normal, fast, and stop for a while during the recording. The
recording of Mode C was 3 min.

The ground truth respiratory signal was collected simulta-
neously with the RGB-T data recording in each mode utiliz-
ing the Go Direct® respiration belt [44]. The belt measures
the chest or abdominal movement during respiration with
0.01 N force resolution and the data is recorded at 10 sam-
ples per second.

4.2 Study in neonates

To study the feasibility of the proposed method on new-
born infants in a clinical setting, ten RGB-T video data
sets of clinically stable newborn infants were obtained.
The camera setup and videos were recorded at Govern-
ment Medical College Hospital (GMCH), Chandigarh
and were approved by the Institute Ethics Committee of
GMCH (Approval No: GMCH/IEC/2020/522/87). The
dual-camera setup was placed approximately 1 m away
from the subjects. The room temperature and humidity
were set according to the acceptable level of the inten-
sive care unit. The study excluded neonates who needed
respiratory support, had dyspnea or tachypnea, or had
unstable vital parameters, an elevated temperature, or any
congenital anomaly.

4.3 Evaluation metrics

The proposed contactless breathing monitoring method is
validated with the contact base reference method. To eval-
uate the effective performance and to analyse the error, the
average absolute error (AAE) and the standard deviation

error (SDE) have been calculated between the proposed
and contact-based methods. BR,,(k) and BR,(k) are the
respiratory rate of proposed contactless approach and
contact-based approach for each measurement ‘k’, respec-
tively, and N is the total number of measurements for each
subject, the AAE and SDE are calculated as follows:

N
1
AAE = — ZAE swhere, AE = |BR,,(k) — BR,(k)|  (16)

i=1

N
_ 1 _ 2
SDE = | 7= > (AE(k) - AAE) (17)

k=1

The Bland—Altman analysis and correlation plot are uti-
lised to graphically and statistically demonstrate the proof of
agreement between the proposed technique and the reference
method. The effectiveness of the ROI selection by using the
deep learning-based TD approach is evaluated by the ROI
success rate. The ROI success rate is defined as follows:

ROI detected

——————— x 100
number of frames

ROI success rate = (18)

5 Result

Automatic facial landmark detection is crucial for the suc-
cessful extraction of RR. Instead of only detection, it is also
important to note how accurately a landmark is detected in
successive frames. In the proposed method, the YOLOS5Face
detection model has been used because of its fast and effi-
cient accuracy in a wide range of databases. Here, the per-
formance of YOLOS5Face detection is compared to that of
the current state-of-the-art Nose detector and MTCNN in the
deep learning-based TD method for ROI detection. Figure 2
shows a boxplot comparison of ROI success rates for healthy
adults in various modes. In Mode A, the average ROI suc-
cess rates for nose detection, MTCNN, and YOLOS5Face
were 99.82%, 99.98%, and 99.99%, respectively. For Mode
B, the obtained values were 93.75%, 99.37%, and 99.90%,
respectively, and for Mode C, the values were 98.85%,
99.66%, and 99.88%, respectively. It has been observed that
the YOLOS5Face model has a higher average success rate
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Fig.2 The boxplot of the ROI success rate of Nose detector, MTCNN, and YOLOS5Face models for healthy adults in different modes

than the other state-of-the-art models. Most importantly, the
YOLOS5Face model successfully performs ROI detection in
the newborn dataset. Figure 3 shows the boxplot analysis of
different models for the newborn dataset. The average of the
ROI success rates in the newborn dataset for Nose detection,
MTCNN, and YOLO5Face model are 18.65%, 32.96%, and
99.86%, respectively.

We evaluated the performance of various window step
sizes for assessing the respiratory rate in the healthy adults’
data. Figure 4 demonstrates the mean AAE and mean SDE
in each mode of data collection for healthy adults. It has
been observed that for window step size 20, the mean AAE
and mean SDE were less than the lower and higher values
of window step size. In the case of small step sizes, mostly
the movements affect the results, whereas if the step size is
larger than 20, most of the signal information is overlooked
during the evaluation.

Figure 5 shows the boxplot of AAE and SDE in differ-
ent modes for healthy adults. The mean of AAE and SDE
was 0.1004 +0.0608 and 0.0808 for Mode A. Moreover, the
estimated mean AAE and SDE between the proposed and
contact-based methods were 1.5115+0.9058 and 1.8138
for Mode B, and they were 1.8485 +0.8079 and 2.7048 for
Mode C, respectively. In the obtain results, 100%, 71.40%,
and 57.14% of the absolute error results were below than the
2 breaths/minute.

In the case of neonate data, the boxplots of error met-
rics are shown in Fig. 6. The observed mean AAE and SDE
were 1.4861 +1.3567 and 0.8591, respectively. Figure 7
depicts the visualisation of facial landmark detection and
tracking using the deep learning-based TD approach and
the respiratory signal extracted by the mapped ROI in the
thermal image. The visualisation is shown in Video A (see

@ Springer

100 1 + - —F
N :
< 80t
2
©
X 60f
[}
[70]
@
8
S 40
[7p]
o)
@ 20+
op —— — .
Nose Detector MTCNN YOLOS5Face

Fig.3 The boxplot of the ROI success rate of Nose detector,
MTCNN, and YOLOS5Face model for newborn data

Supplementary files) to represent the working functionality
of the proposed non-contact-based method.

The Bland Altman and linear correlation plots for aggre-
gating all of the mode's RR measurement data for healthy
persons are displayed in Fig. 8. The results indicate a strong
correlation between the proposed contactless approach and
contact based approach. By observing the Bland Altman
plot, the mean difference between the proposed contactless
and contact-based approaches for all the RR measurements
was — 0.11 breaths/minute with the 95% limit of agreement
range from — 4.3 breaths/minute to 4.1 breaths/minute. Fig-
ure 9 depicts the Bland—Altman plot for the neonate study.
The analysis shows that the mean difference between pro-
posed RR and reference RR was 0.51 breaths/minute and
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Fig.6 The boxplot of AAE and SDE between the proposed approach
and the contact-based reference approach for neonate study

the limit of agreements ranged from -3.6 breaths/minute to
4.6 breaths/minute.

6 Discussion

The experimental results indicate that the proposed non-
contact method using thermal and visible imaging per-
forms better for respiratory rate monitoring in both stable
and challenging conditions like rapid head movement, talk-
ing, and variable breathing patterns in healthy adults. More
importantly, the selection of ROI is automatic, with an ROI
success rate of more than 99% in each mode of the dataset.
The YOLOSFace detection model outperforms other state-
of-the-art methods in each mode and efficiently works in the
case of newborn infants' nostril area detection. The auto-
matic ROI selection was the limitation of existing work in
the literature because thermal imaging has less information
and poor resolution as discussed in [22, 45, 46]. The cost is
the prime factor for the high-resolution camera. The average
absolute error and the correlation coefficient in the stable
mode are approximately 0.1 bpm and 0.9994, respectively.
The findings are similar to a study conducted by Pereira
et al. [47] when they used a high spatial resolution infrared
camera with a spatial resolution of 1024 X 768 pixels for res-
piratory rate detection. The methodology of using the RGB
spectrum along with the thermal spectral image sequences
eliminates the need of utilizing of thermal images feature for
ROI selection and tracking. The RGB spectrum is used for
the ROI detection and the mapped ROI in the thermal image
sequence is used to extract the respiratory signal and respira-
tory rate. In the proposed method, the deep learning-based
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Fig.7 The visualization of the
respiratory signal extraction
using the proposed contact-
less method. It can be found in
Video A depicting the function-
ality of the proposed method

Face and Facial landmark Detection RGB frames

Thermal frames

Respiratory Signal

0 500

TD approach performs the ROI detection and tracking, and
it reinitializes the detection if the tracking fails due to the
presence of an obstacle or out of the FOV condition. Dur-
ing the rapid head movement and talking, the proposed
method performs better as detection is reinitialized when
the obstruction is removed and the respiratory signal is col-
lected again. The results demonstrated that for Mode B and
Mode C scenarios, the average error is approx. 1.5 bpm and
1.8 bpm, respectively, which is under the error of 2 bpm for
the challenging conditions such as motion and talking, and
has better agreement with the reference method than the
study performed by Chauvin et al. [48]., which included the
breathing detection during talking and paddling.

After the method was successfully validated on healthy
adults, the proposed method was also tested on newborn
data in a clinical setting. The results demonstrated the mean

1
1000 1500 2000 2500

of AAE between the proposed and reference methods is
approximately 1.5, about 80% are the relevant estimation i.e.
error less than 2 breaths/minute. The correlation plot shown
in Fig. 9 shows a significant correlation with the reference
method, and the calculated correlation coefficient is 0.9244.
The proposed approach detects the ROI automatically and
employs efficient tracking to record the continuous respira-
tion rate, which was the limitation of the study conducted
on 8 neonates by Abbas et al. [22]. The integration of RGB
with thermal image sequences includes the characteristics
of using standard thermal resolution with better results
than the work proposed by Pereira et al. [24] using a high-
resolution camera (VarioCAM® HD head 820S/30 mm,
InfraTec). Another study by Pereira et al. [25] used the
‘black-box’ approach by choosing the best ROI with high
signal quality index, but the results were mostly affected
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Fig.9 The linear correlation
plot (left) and Bland—Altman
plot (right) for the newborn
infant study. Total 30 RR meas-
urements data points
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Fig. 10 The sample images recorded by the thermal camera showing the challenges associated with the newborn’s RR measurements. The
babies, mostly covered by the blanket to keep them warm, have less anatomical area for feature extraction

by newborn infants’ motion. Overall, the mean AAE and
Bland Altman plot analysis were comparable with the stud-
ies by Pereira et al. [25] and our proposed method showed
less spread of error in the range of — 4.3 breaths/minute to
4.1 breaths/minute in the Bland Altman plot analysis. How-
ever, in overall neonate dataset, two infants N_4 and N_10
exhibited head motion during recording, still methodology
successively records the RR continuously and the result-
ant AAE values were 4.9280 and 2.3350, respectively. The
infant N_4 showed a failure of ROI detection and tracking
during recording because of head rotation. However, after
some frames, when the infant's head returns to the camera’s
FOV, the deep learning-based TD approach automatically
detects and tracks the ROI for respiratory signal extraction.

There are several challenges associated with the data
collection of newborn infants in the clinical setting. One
of the primary challenges is the stability of the babies.
Normally, they move their heads, hands, and legs dur-
ing the awake period. Babies in open beds are the major
population, and they are usually covered by a blanket to
keep them warm as shown in Fig. 10. In such a situation,
the detection of movement and feature extraction in ther-
mal imaging is a challenging task. Also, the method of

respiration detection based on skin segmentation [49] and
motion extraction from the camera [25] has limitations
when most of the baby’s body is covered with a blanket.
Our study provides the methodology of respiration sig-
nal extraction from the temperature variation within the
surface of the nostril area in the face, which is mostly
uncovered except when other contact-based devices are
not attached to the baby’s face. The RGB images are used
to find the ROI and tracking as RGB images have a large
extent of information in comparison to thermal images and
have pre-trained models to extract the feature to a deep
extent successfully. The deep learning-based TD approach
automatically detects the nostril area as an ROI in the RGB
spectrum, overcomes the problem of high movements and
less anatomical area for feature detection in the FOV of
cameras, and the linearly mapped ROI in thermal image
sequences extracts the respiratory signal efficiently. The
head rotation observed in the infant N_10 caused ROI
detection failure in some frames, but the deep learning-
based TD approach was able to continue tracking the ROI
when the head is in the FOV of the camera. Although,
during this interval of time, the value of RR is affected
and it was also observed as an outlier in the boxplot and
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Bland Altman plot shown in Figs. 6 and 9. The success
rate of YOLOS5Face is higher in healthy adults and suc-
cessfully works in newborn cases in comparison to other
models, making it a more prominent choice for newborn
respiration detection.

One of the problems with respiration that occurs in the
newborn is apnea, and the accurate diagnosis of clinically
significant episodes of infant apnea is a clinical necessity.
However, the existing chest impedance (CI)-based monitor-
ing used in clinical practise has major issues with mistaking
the cardiac signal for breathing during apnea [50]. The pro-
posed thermal imaging-based approach detects the respira-
tion signal by measuring the nasal area temperatures, which
directly depend on the process of respiration, and the cessa-
tion of breathing might be detected. Further efforts will be
focusing mostly on utilizing and improving our method for
detection of apnea. During the initial few days, the incubator
temperature is closer to the body temperature. However, the
proposed approach may easily detect if there is a temperature
variation in the nostril area. Thermal camera has a thermal
sensitivity of 0.05 °C at 30 °C environment temperature.
Further studies are needed to test the usefulness of the pro-
posed method in this special situation.

In NICU, sick preterm neonates are frequently managed
with CPAP or a high-flow nasal cannula [51]. In this sce-
nario, challenges in the non-contact monitoring include
altered temperature due to gases at the nasal interface and
the area around the nose being covered with adhesives to fix
the nasal respiratory interface. However, the temperature of
the inhaled gases should not interfere with the monitoring,
as the inhaled gases are not cold but heated and humidified.
We believe that in this special situation, some alteration in
the modelling may be needed due to a change in the airflow
pattern and a narrower difference between the temperatures
of the inhaled and exhaled gases. Again, further studies are
needed in this special situation.

7 Conclusion

Non-contact respiratory rate monitoring is important and
should be used in the intensive care unit because it is harm-
less, passive and does not require any connecting wires.
This paper introduced the methodology for non-contact RR
monitoring in noenates. The integration of RGB spectrum
data enables the use of an efficient deep learning model for
ROI selection and tracking. The detected ROI in the RGB
spectrum is linearly mapped to find the correspondence
ROI in thermal imaging for respiratory rate extraction. The
deep learning-based TD approach reinitializes the detec-
tion in the case of failed tracking due to the presence of an
obstacle or the out of FOV scenario.

@ Springer

Initially, the algorithm was validated by the contact-
based respiration belt with high accuracy on the healthy
adult data collected in the lab settings. Subsequently, the
proposed method was validated on newborn infant data
recorded in a clinical setting. The results were promising,
and the average absolute errors between the estimated and
reference methods were less than 2 bpm. In conclusion,
the proposed method robustly extracts the RR by utilizing
RGB-T image sequences not only in a lab setting but also
in a clinical setting for newborn infants and is a clinically
relevant alternative to the contact-based method.
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Acknowledgements The authors would like to extend their apprecia-
tion to all the volunteers who gave their time to take part in the study.
The authors also express sincere thanks to all the nursing staff and
doctors who supported during collecting neonate data. Lalit Maurya
was supported by a Commonwealth split site scholarship.

Author contributions L.M. conceptualized, designed the experiment,
collected the data, analysed and draft the manuscript. R.Z. supervised
data analysis, methodology and interpretation. D.C. contributed in
ethical approval, clinical interpretation and participated in the collec-
tion of data. R.Z., D.C. and P.M. supervised the work, reviewed and
contributed to the writing of the final version of the manuscript. All
the authors have read and approved the manuscript for submission.

Funding This article was funded by a Commonwealth Split Site
Scholarship.

Declarations

Conflict of interest The authors have declared that no conflict of in-
terests exists.

Open Access This article is licensed under a Creative Commons Attri-
bution 4.0 International License, which permits use, sharing, adapta-
tion, distribution and reproduction in any medium or format, as long
as you give appropriate credit to the original author(s) and the source,
provide a link to the Creative Commons licence, and indicate if changes
were made. The images or other third party material in this article are
included in the article's Creative Commons licence, unless indicated
otherwise in a credit line to the material. If material is not included in
the article's Creative Commons licence and your intended use is not
permitted by statutory regulation or exceeds the permitted use, you will
need to obtain permission directly from the copyright holder. To view a
copy of this licence, visit http://creativecommons.org/licenses/by/4.0/.

References

1. Rolfe S. The importance of respiratory rate monitoring. Br J
Nurs. 2019;28:504-8. https://doi.org/10.12968/bjon.2019.28.8.
504.

2. Pramanik AK, Rangaswamy N, Gates T. Neonatal respiratory
distress: a practical approach to its diagnosis and management.
Pediatr Clin North Am [Internet]. 2015;62:453-69.

3. Parkash A, Haider N, Khoso ZA, Shaikh AS. Frequency, causes
and outcome of neonates with respiratory distress admitted


https://doi.org/10.1007/s10877-022-00945-8
http://creativecommons.org/licenses/by/4.0/
https://doi.org/10.12968/bjon.2019.28.8.504
https://doi.org/10.12968/bjon.2019.28.8.504

Journal of Clinical Monitoring and Computing

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

to Neonatal Intensive Care Unit, National Institute of Child
Health. Karachi J Pak Med Assoc. 2015;65:771-5.

Ersch J, Roth-Kleiner M, Baeckert P, Bucher HU. Increasing
incidence of respiratory distress in neonates. Acta Paediatr
[Internet]. 2007;96:1577-81. https://doi.org/10.1111/j.1651-
2227.2007.00440.x.

Coleman J, Ginsburg AS, Macharia WM, Ochieng R, Chomba
D, Zhou G, et al. Assessment of neonatal respiratory rate vari-
ability. J Clin Monit Comput. 2022. https://doi.org/10.1007/
$10877-022-00840-2.

Wheatley 1. Respiratory rate 3: How to take an accurate meas-
urement. Nurs Times. 2018;114:21-2.

Edwards MO, Kotecha SJ, Kotecha S. Respiratory distress of
the term newborn infant. Paediatr Respir Rev. 2013;14:29-37.
Cretikos MA, Bellomo R, Hillman K, Chen J, Finfer S, Fla-
bouris A. Respiratory rate: the neglected vital sign. Med J Aus.
2008;188:657-9. https://doi.org/10.5694/j.1326-5377.2008.
tb01825.x.

Barbosa Pereira C, Yu X, Czaplik M, Blazek V, Venema B,
Leonhardt S. Estimation of breathing rate in thermal imag-
ing videos: a pilot study on healthy human subjects. J Clin
Monit Comput. 2017;31:1241-54. https://doi.org/10.1007/
$10877-016-9949-y.

Baharestani MM. An overview of neonatal and pediatric wound
care knowledge and considerations. Ostomy Wound Manage.
2007;53:34-6.

Mohr MA, Fairchild KD, Patel M, Sinkin RA, Clark MT, Moor-
man JR, et al. Quantification of periodic breathing in premature
infants. Physiol Meas. 2015;36:1415-27. https://doi.org/10.1088/
0967-3334/36/7/1415.

Scalise L, Ercoli I, Marchionni P, Tomasini EP. Measurement of
respiration rate in preterm infants by laser Doppler vibrometry.
2011 IEEE International Symposium on Medical Measurements
and Applications. 2011. p. 657-61.

Scalise L, Marchionni P, Ercoli I, Tomasini EP. Laser measure-
ment of respiration activity in preterm infants: Monitoring of
peculiar events. AIP Conf Proc [Internet]. 2012;1486:63-8.

Kim JD, Lee WH, Lee Y, Lee HJ, Cha T, Kim SH, et al. Non-
contact respiration monitoring using impulse radio ultrawideband
radar in neonates. R Soc Open Sci. 2022;6:190149.
Khaemphukhiao R, Phasukkit P. Segmentation of 24GHz RF Res-
piration Signal Using GMM. 2019 12th Biomedical Engineering
International Conference (BMEiICON). 2019. p. 1-5.

Calvente I, Vazquez-Pérez A, Fernandez MF, Nufiez MI, Mufioz-
Hoyos A. Radiofrequency exposure in the Neonatal Medium Care
Unit. Environ Res. 2017;152:66-72.

van Gastel M, Stuijk S, de Haan G. Robust respiration detec-
tion from remote photoplethysmography. Biomed Opt Express.
2016;7:4941-57.

Cobos-Torres J-C, Abderrahim M, Martinez-Orgado J. Non-
contact, simple neonatal monitoring by photoplethysmography.
Sensors. 2018;18:4362.

Sun Y, Wang W, Long X, Meftah M, Tan T, Shan C, et al. Res-
piration monitoring for premature neonates in NICU. Appl Sci.
2019:9:5246.

Villarroel M, Chaichulee S, Jorge J, Davis S, Green G, Arteta C,
et al. Non-contact physiological monitoring of preterm infants in
the Neonatal Intensive Care Unit. NPJ Digit Med. 2019;2:128.
https://doi.org/10.1038/s41746-019-0199-5.

Khanam F-T-Z, Perera AG, Al-Naji A, Gibson K, Chahl J. Non-
contact automatic vital signs monitoring of infants in a neo-
natal intensive care unit based on neural networks. J Imaging.
2021;7:122.

Abbas AK, Heimann K, Jergus K, Orlikowsky T, Leonhardt S.
Neonatal non-contact respiratory monitoring based on real-time

23.

24.

25.

26.

217.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

infrared thermography. Biomed Eng Online. 2011;10:93. https://
doi.org/10.1186/1475-925X-10-93.

Klaessens JHGM, van den Born M, van der Veen A, de Kraats
JS, van den Dungen FAM, Verdaasdonk RM. Development of a
baby friendly non-contact method for measuring vital signs: First
results of clinical measurements in an open incubator at a neonatal
intensive care unit. In: Vo-Dinh T, Mahadevan-Jansen A, M.D.
WSG, editors. Advanced Biomedical and Clinical Diagnostic Sys-
tems XII [Internet]. SPIE; 2014. p. 257 — 263. Available from:
https://doi.org/10.1117/12.2038353

Pereira CB, Heimann K, Venema B, Blazek V, Czaplik M, Leon-
hardt S. Estimation of respiratory rate from thermal videos of
preterm infants. 2017 39th Annual International Conference of
the IEEE Engineering in Medicine and Biology Society (EMBC).
2017. p. 3818-21.

Pereira CB, Yu X, Goos T, Reiss I, Orlikowsky T, Heimann
K, et al. Noncontact monitoring of respiratory rate in new-
born infants using thermal imaging. IEEE Trans Biomed Eng.
2019;66:1105-14.

Lorato I, Stuijk S, Meftah M, Kommers D, Andriessen P, van Pul
C, et al. Multi-camera infrared thermography for infant respiration
monitoring. Biomed Opt Express [Internet]. 2020;11:4848-61.
Lorato I, Stuijk S, Meftah M, Kommers D, Andriessen P, van Pul
C, et al. Towards continuous camera-based respiration monitoring
in infants. Sensors [Internet]. 2021;21:2268.

Maurya L, Mahapatra P, Chawla D, Verma S. An automatic ther-
mal and visible image registration using a calibration Rig. In: Jain
S, Paul S, editors. Recent trends in image and signal processing in
computer vision [Internet]. Singapore: Springer Singapore; 2020.
p. 67-76.

Kovesi P. Phase congruency detects corners and edges. DICTA:
The australian pattern recognition society conference; 2003.
Kovesi P. Phase congruency: A low-level image invariant. Psychol
Res. 2000;64:136—48. https://doi.org/10.1007/s004260000024.
Horn BK. Robot Vision. 1st ed. McGraw-Hill Higher Education;
1986.

Rosten E, Porter R, Drummond T. Faster and better: A machine
learning approach to corner detection. IEEE Trans Pattern Anal
Mach Intell. 2010;32:105-19.

Lowe DG. Distinctive image features from scale-invariant key-
points. Int J Comput Vis. 2004;60:91-110. https://doi.org/10.
1023/B:VISI.0000029664.99615.94.

Wu Y, Ma W, Gong M, Su L, Jiao L. A novel point-matching
algorithm based on fast sample consensus for image registration.
IEEE Geoscience and Remote Sensing Letters Institute of Electri-
cal and Electronics Engineers Inc.; 2015;12:43-7.

Castrillon M, Déniz O, Guerra C, Hernandez M. ENCARA2:
Real-time detection of multiple faces at different resolutions in
video streams. J Vis Commun Image Represent. 2007;18:130-40.
Zhang K, Zhang Z, Li Z, Qiao Y. Joint Face Detection and Align-
ment Using Multitask Cascaded Convolutional Networks IEEE
Signal Process Lett. Institute of Electrical and Electronics Engi-
neers Inc.; 2016;23:1499-1503.

Qi D, Tan W, Yao Q, Liu J. YOLOS5Face: why reinventing a face
detector. arXiv preprint arXiv:210512931. 2021;

Jocher G, Stoken A, Borovec J, Chaurasia A, Changyu L. ultralyt-
ics/yolov5. Github Repository, YOLOVS. 2020;

Sun Z, Chen J, Chao L, Ruan W, Mukherjee M. A survey of multi-
ple pedestrian tracking based on tracking-by-detection framework.
IEEE Trans Circuits Syst Video Technol. 2021;31:1819-33.
Danelljan M, Héger G, Khan FS, Felsberg M. Accurate scale esti-
mation for robust visual tracking. BMVC 2014 - Proceedings of
the British Machine Vision Conference 2014. British Machine
Vision Association, BMVA; 2014.

Liu H, Shah S, Jiang W. On-line outlier detection and data clean-
ing. Comput Chem Eng. 2004;28:1635-47.

@ Springer


https://doi.org/10.1111/j.1651-2227.2007.00440.x
https://doi.org/10.1111/j.1651-2227.2007.00440.x
https://doi.org/10.1007/s10877-022-00840-2
https://doi.org/10.1007/s10877-022-00840-2
https://doi.org/10.5694/j.1326-5377.2008.tb01825.x
https://doi.org/10.5694/j.1326-5377.2008.tb01825.x
https://doi.org/10.1007/s10877-016-9949-y
https://doi.org/10.1007/s10877-016-9949-y
https://doi.org/10.1088/0967-3334/36/7/1415
https://doi.org/10.1088/0967-3334/36/7/1415
https://doi.org/10.1038/s41746-019-0199-5
https://doi.org/10.1186/1475-925X-10-93
https://doi.org/10.1186/1475-925X-10-93
https://doi.org/10.1117/12.2038353
https://doi.org/10.1007/s004260000024
https://doi.org/10.1023/B:VISI.0000029664.99615.94
https://doi.org/10.1023/B:VISI.0000029664.99615.94

Journal of Clinical Monitoring and Computing

42.

43.

44,

45.

46.

47.

48.

Rabiner L, Schafer R, Rader C. The chirp z-transform algorithm.
IEEE Trans Audio Electroacoust. 1969;17:86-92.

Semler MW, Stover DG, Copland AP, Hong G, Johnson MJ, Kriss
MS, et al. Flash mob research: a single-day, multicenter, resi-
dent-directed study of respiratory rate. Chest. 2013;143:1740-4.
https://doi.org/10.1378/chest.12-1837.

Go Direct® Respiration Belt User Manual — Vernier [Internet].
[cited 2021 Apr 14]. Available from: https://www.vernier.com/
manuals/gdx-rb/.

Murthy R, Pavlidis I. Noncontact measurement of breathing func-
tion. IEEE Eng Med Biol Mag. 2006;25:57-67.

AL-Khalidi F, Saatchi R, Elphick H, Burke D. An evaluation of
thermal imaging based respiration rate monitoring in children. Am
J Eng Appl Sci. 2012;4:586-97.

Pereira CB, Yu X, Czaplik M, Rossaint R, Blazek V, Leonhardt
S. Remote monitoring of breathing dynamics using infrared ther-
mography. Biomed Opt Express. 2015;6:4378.

Chauvin R, Hamel M, Briere S, Ferland F, Grondin F, Letourneau
D, et al. Contact-Free Respiration Rate Monitoring Using a Pan-
Tilt Thermal Camera for Stationary Bike Telerehabilitation Ses-
sions. IEEE Syst J. Institute of Electrical and Electronics Engi-
neers Inc.; 2016;10:1046-55.

@ Springer

49.

50.

51.

Jorge J, Villarroel M, Chaichulee S, Guazzi A, Davis S, Green
G, et al. Non-Contact Monitoring of Respiration in the Neonatal
Intensive Care Unit. 2017 12th IEEE International Conference
on Automatic Face & Gesture Recognition (FG 2017). 2017. p.
286-93.

Lee H, Rusin CG, Lake DE, Clark MT, Guin L, Smoot TJ, et al.
A new algorithm for detecting central apnea in neonates. Physiol
Meas. 2012;33:1.

Chowdhury O, Wedderburn CJ, Duffy D, Greenough A. CPAP
review. Eur J Pediatr. 2012;171:1441-8. https://doi.org/10.1007/
s00431-011-1648-6.

Publisher's Note Springer Nature remains neutral with regard to
jurisdictional claims in published maps and institutional affiliations.


https://doi.org/10.1378/chest.12-1837
https://www.vernier.com/manuals/gdx-rb/
https://www.vernier.com/manuals/gdx-rb/
https://doi.org/10.1007/s00431-011-1648-6
https://doi.org/10.1007/s00431-011-1648-6

	Non-contact respiratory rate monitoring using thermal and visible imaging: a pilot study on neonates
	Abstract
	1 Introduction
	2 Related work
	3 Proposed methodology
	3.1 Acquisition of RGB-T
	3.2 RGB-T image registration
	3.3 ROI selection and tracking
	3.4 Extraction of respiratory signal and RR

	4 Experimental setup and protocol
	4.1 Study in healthy adults
	4.2 Study in neonates
	4.3 Evaluation metrics

	5 Result
	6 Discussion
	7 Conclusion
	Acknowledgements 
	References




