Measurement of imperceptible breathing movements
from Kinect Skeleton Data
Filipe Manuel Baptista Marques
INESC-ID Lisboa, Instituto Superior Técnico, Universidade de Lisboa, Lisbon, Portugal;
filipembmarques@gmail.com

Abstract— This work presents a signal processing technique to
measure respiratory frequency by relying only the skeletal
tracking data of an inexpensive depth camera. Our approach aims
to be useful for reading the breath frequency automatically in a
non-invasive and markerless manner, using the skeletal joints
from Kinect data. This study applies a pass-band filter that isolates
the breath micro-movements of skeleton's joints to compute the
respiratory frequency. To evaluate the system, we collected data
from 28 subjects in 4 different acquisition modes. To assess our
approach, we considered as ground truth data acquired from the
Spirometer device. The results show that it is possible to extract
reliable kinematic data from skeletal data to calculate the
respiratory rate. It was found a pattern, using the axis that had
better results for each acquisition mode. For both body poses
(seated and standing) the best axis was the axis from the left
shoulder. The best results for each mode had an error around 2
bpm when compared with the results from spirometer. Analyzing
the results of the axis that had the best result in each acquisition
the error decreases a lot. This system gains an advantage by
achieving results with a minimal processing, which can be useful
to apply in low processing devices or to run in the background
without causing any negative processing impact. It was possible to
identify two limitations in the method proposed in this work. The
system only works with static subjects and the thickness or loose
clothes can interfere the measurement performance.

Recently, MIT researchers have developed a revolutionary
system that allows magnifying subtle changes, not visible to the
naked eye in a video [2]. This system has already been used in
various medical applications, such as detecting the heartbeat
and calculating the respiratory frequency, through video
sequences that are magnified [3][4][5]. The first aim for this
study is to develop a similar technique to the one used by the
MIT researchers, to magnify subtle motions invisible to the
naked eye that could be used to achieve biomedical data as
breathing rate. In contrast to these approaches, that filter and
magnify video sequences, in this work it was filtered 1-D
signals from skeletal joints from Microsoft Kinect. This
approach aims to be more efficient to run in real-time, once the
level of data processing is less complex.
The Microsoft Kinect is a low-cost motion sensor that
contains an RGB camera, an infrared sensor, a microphone and
it also has an embedded processor. This sensor can do an
Interactive Human Body Tracking and this has been used in
various applications including gaming, human-computer
interaction, security, telepresence and health-care[6].
Introducing a real-time depth camera, those tasks have been
simplified, and various researchers are studying new
possibilities for this system.
At the moment, the skeletal joints from Kinect are popularly
used for games, but can be used in a wider diversity of
application [7]–[10]. In this work, it was studied the reliability
of this sensor to measure breathing rate, using a custom
designed filtering method applied to the raw skeletal data.
To address the remote measurement of breathing rate, the
scientific community has developed prototypes that use the
depth images, essentially from the Kinect sensor due to the low
cost of these devices. The main approach is to detect the volume
variations in the chest area of the subjects [7], [11]–[16]. In
these articles, the approach taken is similar, they measure the
variations of depth distances in the thorax area. These
approaches showed very promising results, in general, with a
very low error between them results and the used as ground
truth. The limitations of these approaches are the following:
incapability of accurate measure of the breathing rate with a
subject in movement ([11]–[16]), and the high level processing.
The only approach that handles this problem uses the skeletal
joints from Microsoft Kinect to track the chest of the subject.

Keywords- breathing rate detection, signal processing, skeletal
joints from Microsoft Kinect.

I.

INTRODUCTION

Monitoring a patient’s breathing cycle is very important to
identify early signs of serious complications that can be
manifested by: decreased oxygen saturation; respiratory
acidosis; mental agitation; cardiac disturbances including
cardiac arrest. Monitoring the breathing cycle can be an
important manner to detect the increase of respiratory rate that
can be a consequence of hypercapnia, hypoxia or metabolic
acidosis. [1]
Therefore, measuring the respiratory rate may support the
early identification of high-risk patients. A published analysis
of more than a million sets of vital data of patients in a United
States hospital found an association between the deviations of
the respiratory rate from normal. Thus, it is important to track
the breathing rates to prevent major risks, the abnormal
respiratory rates should be carefully monitored.[1]
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exercise. During all acquisitions, the participants used a face
mask from Exercise Physiology Kit of ADIntrument(TC).

In this thesis, it was made a novel approach. It was used
directly the skeletal joints from Microsoft Kinect to detect the
breathing rate. The Kinect provides five joints in the torso area
that can be used for this purpose which will be used on this
work.
The work can be divided into three main goals. The first
objective is to determine if the skeletal measurements from
Kinect data have any physiological information. The second
objective is to study if it is possible to measure the breathing
cycle from this data. The third and last objective is to analyze
the reliability of these signals, validated with a more accurate
device.
II.

All participants were positioned at the same distance from
Kinect sensor. The Kinect was placed on a specific carrier, it
means 95 cm from the floor. On the seated tests, the chair was
aligned with the z axis of the Kinect sensor and it was placed
215 cm from the sensor. On the standing tests, as well as the
seated tests, the participant was aligned with Kinect and it was
placed 215 cm from the sensor. In Figure 1, it can be seen two
photos of the acquisition space, with one participant during
seated and standing acquisitions.

METHODOLOGY

The methodology of this work can be divided into 7 different
stages, that will be individually explained below:
A. Experimental Protocol;
B. Experimental Setup;
C. Pass-band Filter;
D. Methods;
E. Cross-correlation;
F. Calculation of Breathing Rate;
G. Evaluation Metrics.
A. Experimental Protocol
The initial step was to recruit volunteers, to make the
acquisitions. The volunteers were recruited in the Instituto
Superior Técnico Campus and, they were students and
researchers. The experimental data was collected from 28
healthy subjects (23 males, 5 females; 24.86±3.15 years old,
height 176,46±8.08 cm; weight of 73.18±10.24 kg). The
participants responded to informed consent as they all
understood the meaning of the study and authorized the
collection, recording and processing of data.
To better analyze the performance of the Kinect points on
measuring the breathing rate, it was decided to make sixteen
acquisitions for each participant, eight in rest mode and eight
after-exercise mode. In addition, for each mode it was made half
acquisitions seated and the other half standing. All sixteen
acquisitions were performed for all the participants and lasted
one-minute each one.
In order to avoid failures, a guide was followed for this study.
First, it was explained the study, the objectives, and the
procedures. Then the participants read and responded to the
informed consent. After that, to begin it was carefully placed the
face mask in the subject in order to prevent air leaks. At that
point, it was made the first acquisitions, four one-minute seated
acquisition followed by four one-minute standing acquisition.
The next step was to make the acquisitions after exercise. The
exercise was divided into 3 stages: to begin the participant
walked one minute at 6 km/h, the next minute the speed was
increased to 8 km/h and a slope of 10º, finally the speed and the
slope was increased adapting them to the current participant and
was maintained for one minute. Depending on how the subject
recovers from exercise, it was made one or two acquisitions
between physical exercises. This evaluation was based on the
level of tiredness, i.e., if the participant was still breathless, the
second acquisition was made without repeating the physical

Figure 1 - Photos of how the acquisitions were made in the laboratory.
(left) Seated acquisition; (right) standing acquisition.

B. Experimental Setup
In order to test the reliability of Kinect skeleton points on
measuring the respiratory rate, it was decided to compare the
data from the Kinect skeleton with the data from Spirometer.
The data from the spirometer was acquired from the laboratory's
computer through the LabChart, a software from
ADInstruments. The data from Microsoft Kinect v2 was
acquired and saved with a MATLAB code developed in
MATLAB R2016a and run on a PC with an Intel(R) Core(TM) i7
CPU 4710HQ @ 2.50 GHz processor with 12 GB of RAM. The
data acquisition was performed at the same time but not
synchronously.
The experimental work was done at the Lisbon
Biomechanics Laboratory which is located at the Instituto
Superior Técnico. This laboratory has the ideal conditions to
support this study, in addition to the spirometer equipment it
has one treadmill, where the participants could perform the
physical exercise before the acquisitions in which they
supposed to be under physical effort, in order to increase the
breath rate. Furthermore, it was possible to control the
brightness of the room, as well as its temperature.
Microsoft Kinect v2
The Microsoft Kinect v2 was used as a depth camera which
internally computes a skeletal representation of the human
body, which consists of 26 notable points (joints and body
extremities). Since the objective is to measure the respiratory
rate, it has to be chosen the most significant points for this
purpose. The most significant points are: both shoulders and
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three points at the center of the torso. The five skeletal points
used are the following (as seen in Figure 2-left): 1) spine base
point, 2) spine mid point, 3) left shoulder point, 4) right
shoulder point and 5) spine shoulder point.
The movements of the points were observed in 3 dimensions.
In the x-axis it can be seen the lateral movement, in the y-axis
it can be seen the vertical movement, and in the z axis can be
seen the depth movement (towards the Kinect). In the right side
of Figure 2, there is a graphic representation of a referential
used in each axis of each skeletal joint, where it can be seen the
direction of each axis, using the direction of the sensor as a
reference.
Theoretically, the best points will be located higher up.
However, for a more abdominal breathing, the lower ones can
produce better results [17], [18]. Therefore, the points 3, 4 and
5 should better detect the breathing movement, although for a
more abdominal breathing the points 1 and 2 should detect it in
a better way.

performed by injecting three liters of air with a calibrated 3-liter
syringe, at low flow (1 to 2 liters/second), medium flow (4 to 6
liters/second) and high flow (8 to 10 liters/second). This is a
very important procedure that can never be forget before the
first acquisition of each participant test the system.

Figure 3 - Graphic representation of how the Spirometer device
was attached to the remaining devices.[19]

C. Pass-band Filter
The starting point for the analysis of the breathing rate was
using the EVM algorithm [2] to detect the breathing
movements. This approach was rejected because this method
filters the signal temporally and spatially and the spatial filter is
unnecessary in the context of the current thesis problem.
However, it was used the ideal pass-band filter developed and
used in the EVM algorithm. Filtering the skeletal joints signals
was essential to denoise and isolate the breathing movements in
these signals.
It was used fifteen signals from skeletal joints of Kinect, the
three axes of each of the five selected joints. These fifteen
signals were filtered with the passband filter with a lower cutoff
frequency in 5/60 Hz (5 bpm) and a higher cutoff frequency in
40/60 Hz (40 bpm). In Figure 4, it can be seen an example of a
signal in raw (left) and after the filter is applied (right).
A typical respiratory rate of a healthy adult at rest is between
12 bpm and 18 bpm. However, the group of participants
included athletes and the participants were tested after exercise,
so the bandwidth must be higher. Some preliminary tests helped
the choice of the cutoff values and it was possible to verify that
the typical respiratory rate values are not a good option as cutoff
frequency. It was seen that for some rest tests and for most of
the post-exercise tests, the filter cuts the frequency of the
participant’s breath using a bandwidth between 12 bpm and 18
bpm. For example, it was found that for some subjects the
respiratory rate was around 6 bpm resting and others can
increase the breath rate to values above 30 bpm after exercise.

Figure 2 -(Left) Depth map from Kinect with the five joints
used marked in the image in red; (Right) 3-D axis
orientation representation with the location of the Kinect
sensor as reference.[25]

Spirometer
In this experimental work, the feature used from the
Spirometer data was the airflow signal. Through the airflow
data, it was possible to compare this data with the fluctuations
of the skeletal joints from Kinect. As it can be seen in Figure 3,
the face mask was coupled to a chamber with a valve system
that allows breathing in from outside and exhaling to the
interior of a mixing chamber (Gas Mixing Chamber) where the
different sensors (temperature, O2, CO2, and module) are
connected. Finally, this chamber is connected to the spirometry
module which, in turn, it is connected to the laboratory
computer. The sampling rate in the spirometer acquisition is
1000 Hz but, so that the signals would be easily
processed/compared and to reduce the data size, the sample is
converted to 30 Hz. The resample used to convert the sample
rate applies an antialiasing lowpass filter (Finite Impulse
Response) to the spirometer signal and, in the end, compensate
the delay introduced by the filter.
In order to acquire the signal from spirometer, the first step
was the calibration. The calibration of the spirometer was
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Figure 4 - Example of a signal before and after the filtration. (Left) Unfiltered signal, (Right) Filtered signal.

On the other hand, the purpose of the third method was to
analyze the variations of area of the triangles and it was
expected that the involuntary movements of the participant
during the tests was eliminated, once it does not analyze the
axes of points that are more sensible to those movements.
Although the request to hold position for 1 minute, the
involuntary movements were recurrent during the acquisitions
because it was not easy for the participants to hold their
position, especially after vigorous exercise and with a face
mask that hinders the normal breathing. Using the variations in
the area's size of the triangles to measure the breathing rate of a
subject, it should solve the measurement problem that arises
when the subject moves since the variations of the area must
not be affected by those movements. In contrast, the other two
methods that extract the breathing rate from the spatial
variances along the three axes in the skeletal points (method 1)
and the barycenter of the triangles (method 2), the movement of
the subject’s problem affects them.

D. Methods
For the experimental setup data, it was chosen alternatives to
the raw point’s axes method (first method). The first method
analyzes the variations of the axes of the skeletal. The second
one analyzes the variations of barycenter’s axes of the 7
triangles created with the points of the first method. Lastly, the
third method analyzes the variations of the area of the same
triangles used in method two, during the acquisitions. The
second and the third methods were chosen to obtain more stable
signals, with less noise and less sensible to involuntary
movements of the participant. These two methods are inspired
on the method proposed by Carlos Massaroni [20] that measure
breathing parameters as breathing volume and breathing rate.
That method uses 89 markers attached in the subject to create
prisms. The second and third method in this thesis used a similar
approach, it utilizes the five skeletal joints as the markers that
Carlos Massaroni used in his work. The created triangles and
respective identification can be seen in Figure 5.

E. Cross-correlation
The cross-correlation stage was done to synchronize the
signals. As said before, the spirometer data and the Kinect data
was not acquired simultaneously. In order to accurately
compare the results from these two different systems, it was
imperative that the signals were synchronized. The first step to
do at this stage was to compute the cross-correlation along the
time, between -6 s and 6s, since the delay/advance between the
beginning of the acquisition was never higher than 6 s. The lag
of the systems is reached finding the max value of the crosscorrelation array. Once calculated the lag value, it was possible
to synchronize the Kinect signals with spirometer signals.
The Figure 6 contains an example of a synchronization
between a signal from the first method and a spirometer, before
and after the alignment. The cross-correlation maximum was,
in this case, 336,78 and the lag between the signals was -0.60 s.

Figure 5 - Graphic representation of the triangles used in the methods
two and three.

The second method analyzes the variations of the central
point of the triangles explained above. The purpose of that was
to reduce the three points in only one point (the barycenter). It
was expected that this center point was sensible to the same
variations of the three vertices and less sensible to the noise of
the isolated point, it means, to be able to better detect the
breathing rate.
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Figure 6 - Alignment between a y axis of spine shoulder point and the spirometer signal. (Left) Unsynchronized signals; (right) Synchronized
signals.

In order to exclude the outliers, it was followed several steps.
First, for each one of the four modes, it was computed which
method obtains the best results. For that purpose, it was
computed the median of the error for each method. The method
that obtained the lowest median of error was used to reach the
outliers. That is because the method that obtained the lowest
median is expected to have the most reliable results.
Consecutively, it was computed the median of the errors in all
signals from this method, for each acquisition. The acquisition
data that had a median error higher than 5 bpm was considered
outlier. The threshold value (5 bpm) was high to only consider
as outlier the worst results. It seems important that the final data
has not perfect results to be possible analyze the system in a
realistic way.
While exist axes that present a global better result, the best
way to measure the breathing rate was to detect the best axis for
each acquisition. Although it is possible to find an axis that
presents better global accuracy for each mode, the acquisitions
are independent and the best axis for each acquisition can be
different. So, with an automatic detection of the best axis in
each acquisition, it will certainly improve the accuracy of the
system, when compared to the one that uses the best axis for
each mode.
To achieve the best axis, for each acquisition, it was tested
four methods: 1) the maximum amplitude of the filtered signal,
2) the maximum peak value of the FFT of the filtered signal, 3)
the maximum sum of the three higher peaks of the filtered
signal and 4) the maximum mean of the three higher peaks of
the filtered signal. In all methods, the axis that had the higher
value in each acquisition was used to compare with the
spirometer signal (ground truth).

F. Calculation of Breathing Rate
After the synchronization, the signals were split into two to
increase the number of data samples. This way, it also allows
checking if the system works with samples of just 30 s and,
consequently, if it measures accurately in 30 s. The measuring
process in 60 s should be more accurate since the size of
information is twice larger. Then, with the signals synchronous
and divided it was analyzed the FFT spectrum for all signals
(the half-signals).
During the acquisitions, the breathing rate of a person can
change along the time. Therefore, the frequency of the
maximum value in the FFT spectrum may not be the average
frequency of that signal. This problem remains also with the 30s
signals that are the half-acquisition time, because the breathing
rate could change at any second. In order to solve this issue, it
was used the 3 higher peaks from the FFT, and it was computed
the Weighted Arithmetic Mean (WAM) to calculate a mean
frequency of these three peaks, using the peak values as
weights. It was only used three peaks because, increasing the
number of peaks used, it also increases the risk of include peaks
that are not related to the breathing movement causing a higher
error between measurements. The WAM can be calculated
using the following equation:
∑𝑛𝑖=1 𝜔𝑖 𝑥𝑖
𝑥̅ = 𝑛
∑𝑖=1 𝜔𝑖
where the 3 peak values are the 𝜔 of the WAM equation, the 𝑥
is the frequency of each maximum and 𝑛 the number of peaks
that are three. Then, with the frequencies computed, to finish, it
was calculated the error between the method’s signals and the
spirometer signals.
G. Evaluation Metrics
To evaluate the system, it was compared the breathing rate
obtained from the three Kinect methods and from the ground
truth (the spirometer data), subtracting the values to calculate
the error. In the data set, there are results from clean
acquisitions and for acquisitions who have experienced
problems. These problems range from the oscillated subject
during the acquisition to air leaks from the face mask.

III.

RESULTS

As explained before, the outliers were deleted from the data.
Thus, from 896 data samples only 520 data samples remain, 173
of them (77.23 %) from the rest seated tests, 155 (69.20 %) from
the rest standing tests, 119 (53.13 %) from the seated tests after
exercise and 73 (32.59 %) from the standing tests after exercise.
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Therefore, the final data sample contains 58.04 % of the initial
data.
To choose the most reliable signal to measure breathing rate,
it was processed all signals from Kinect with the Spirometer
signals (ground truth) and it was computed the error between
them. In figures 7, 8 and 9 it is possible to see the mean and the
standard deviation of each signal in the four different
experimental conditions. Through this graphics, it is possible to
observe the signal with less error, i.e. the most reliable signal,
for each mode of acquisition.
In Figure 7Erro! A origem da referência não foi
encontrada., it is notable that in the seated acquisitions (left
graphs) the z-axes presented lower error, and the x-axes higher.
In the standing acquisitions (right graphs) the axes that have the
lower error is the y-axes, although the higher error change for
each joint, in some cases it is the x-axes, in others it is the zaxes. Every difference is significantly visible in the graphs of
the acquisitions after exercise (bottom graphs).

Figure 9 - Mean and Standard Deviation in the method of the triangle
area in the four modes of acquisition. (Review triangle corresponding
to the number of the horizontal axis in Figure 5).

Figure 5

In Figure 10, it can be seen in four images a heat map of the
joints for each acquisition mode. The circles are a
representation of the axis, where each one of the five chosen
joints has three independent axes, that are grouped in the
images. The axes in top correspond to the y-axes, the axes in
the right correspond to the x-axes and the other corresponding
to the z-axes. The direction of each axis can be seen in Figure
2-right, the circle's position has the same orientation as that.

Figure 7 - Mean and Standard Deviation in the method of points axes
in the four modes of acquisition. (Review joint corresponding to the
number of the horizontal axis in Figure 2-left).

Figure 10 - Heat map of the error along all tested axes.
Figure 8 - Mean and Standard Deviation in the method of Barycenter
axes in the four modes of acquisition. (Review triangle corresponding
to the number of the horizontal axis in Figure 5).
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In order to analyze the reliability of our approach to measure
the breathing rate, without removing any outliers, it was created
the graphic presented in Figure 11. The graphic shows the mean
and the standard deviation of the error for each acquisition
mode (blue) and, it can be seen the median also for all four
modes (red). The methods tested in Evaluated Metrics stage to
find a way to automatically choose the best axis for each
acquisition does not had positive results. Although it was not
possible to find a method that automatically choose the best axis
to use to measure the breathing rate, in Figure 11, it can be seen
how good the results of this method are with all acquisition, also
including the bad ones. Analyzing the median, it is possible to
see a draft of the results without “outliers”. It is important to
analyze it without outliers because during an acquisition many
external factors can influence the results, since the clothes
thickness till the involuntary movements of a subject.

IV.

Starting with the analysis and comparison of the methods
used to determine respiratory frequency, it can be seen in Figure
7, Figure 8 and Figure 9 that the method with better results is
the first one, the one that uses the raw skeletal joints axes (first
method). The mean error of the axes from the skeleton joints
(first method) are around 2 bpm, in contrast with the results
from the second and third method that are around 7 bpm.
In the results from seated acquisitions with the first method,
the x-axis of the points clearly has the greatest errors. This was
expected given that during the breathing cycle the thorax
volume changes in the superior-inferior (y-axis) and anteriorposterior dimensions (z-axis). The z-axes had the best results
when compared with the results of the other axes. The
participants of this experimental work were mostly from males
(82 %) and this fact can explain the smaller error of these axes.
As Maria Ragnarsdóttir and Ella Kristinsdóttir [17] conclude in
its study, the males use more the abdominal area (z-axis) in deep
breathing, while females use more the thorax area (y-axis).
The results from standing acquisition with the first method
show that the smaller errors were noticed from y-axes and the
higher errors from z-axes or from x-axes depending of the
joints. It was not expected that, in some joints, the z-axes were
worse than the x-axes. The x-axes correspond to the side
movement, and during a breathing cycle the movement is along
the y and z axes, as explained in section 3.1 (using as reference
the directions described in Figure 2(right)).
The biggest noticed difference between rest and after
exercise acquisitions (visible in the results of first and second
method) it was that with the increase of breathing rate and,
consequently, the amplitude of the respiratory movements, the
discrepancy between the accuracy of the axes are most visible
The second and third methods tested did not have any better
results than the results obtained in the first one. In the second
method (Barycenter), it can be concluded that the best axes for
seated acquisition are the z-axes and for standing acquisitions
the y-axes are the axes with less error. However, this method
was presented worse results than the first method, with the
mean errors around 6 bpm, in the better cases. In the third
method (triangles areas), the results were not any better than the
results from second method.
Observing all the results from the three methods, it can be
concluded that the first method obtained better results. In this
method, for the seated modes, the best axis was the z-axis from
the left shoulder. In the standing modes, the best axis was the
y-axis also from the left shoulder. The fact that the left shoulder
had better results coincide with the study done by Carlos Zerpa
et al. [21] in 2015, where it is concluded that the left shoulder
is one of the most accurate joints in the Kinect skeleton.
Although, these results contradict the accuracy results from
Jamie Shotton and Toby Sharp [22], where the right shoulder
had slightly better results than the left shoulder.
It was not achieved a way to automatically select an axis
(from Kinect data) that had better results measuring the
breathing rate, for each acquisition. Although, observing the

Figure 11 - Results of the best axis for each acquisition for each
mode.

If the axis used to measure the breathing rate could be
automatically selected as the best for each acquisition (without
removing the outliers), the percentage of error would be
different to the percentage of error of our first method (without
outliers). It can be seen this comparison of the percentage of
error in Figure 12.

Percentage of Error
25
20
15
10
5
0

21,84
17,44
5,43

Rest Seated

18,23
11,48 12,49

7,83

Rest
Standing

5,78

Seated After
Exercise

DISCUSSION

Standing
After
Exercise

Method 1 without outliers
Using the best axis for each acquisition
Figure 12 - Comparison of the percentage of error between method 1
without outliers and the results using the best axis for each acquisition.
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Figure 11, it can be concluded that, if it could be arranged a way
to automatically choose the best axis for each acquisition, the
results would be significantly better. The results using only the
axis that have results closer to the results from spirometer show
that would be a great asset to achieve a method that finds the
best axis for each situation. In the graphic of the Figure 11, it
can be seen the median of error between this axis and the result
from spirometer is around 0.5 bpm in the three first modes (rest
seated, rest standing and seated acquisitions after exercise). In
the standing after exercise acquisition, the median of error was
not close to 0,5 bpm but it was under 2 bpm. Analyzing the
median, it can be predicted how the results would be without
the outliers (bad acquisitions). Since the median values are
significantly lower than expected, it may be concluded that the
percentage of error could be smaller if it was used the best axis
for each acquisition, automatically selected.
Even removing the outliers (method 1), it was noticed that
the error of the better axes was around 2 bpm. The error present
could be due to the instability of joints from Kinect [22] and
also due to the sampling rate of Kinect. Microsoft mention that
the Kinect sensor has a sampling rate of 30 Hz, but the sampling
rate can fluctuate between 29 and 33 Hz (according to
Mohamed Elgendi 2014 [23]). If we are considering that the
sampling rate is 30 Hz and it is being 33 Hz, it can change the
signal frequency from 12 bpm to 13.2 bpm and from 18 bpm to
19.8 bpm.
In addition to the technical potential problems referred
above, during the acquisitions there are various factors that can
affect the results. One of the principal factors are the thickness
of the clothes, that can influence the movements in the depth
image and consequently the movement of the skeletal joints.
Another factor that certainly influences the results is the
involuntary movements of the participants (staying steady for 1
minute with a spirometer face mask was not easy). It was only
tested one method that could deal with it, the third method,
which unfortunately did not present good results.
During the acquisitions, the breathing tube that connects the
face mask with the gas mixer chamber naturally stays
positioned in front of the chest. In order to minimize the
influence of the tube in the selected joints movements, the tube
was placed beside the central torso joints. However, this can
also influence the joints positions, since the joints position is
computed analyzing the depth map of the area the tube causes
noise.
In comparison with similar prototypes, our three methods
present worst results, also comparing with our first method, that
was the one that had best results. In this case (first method), the
mean of error was around 2 bpm. Although, if we could only
use the results of the best axis for each acquisition,
automatically selected, the mean of error would be significantly
inferior (as seen in Figure 11). So, it can be concluded that this
novel approach has potential, but is essential to discover a
method that automatically choose the appropriate axis to be
used to measure the breathing rate for each independent
acquisition.
The similar prototypes [7], [11]–[16] use essentially the
depth image directly, isolating the ROI that represents

predominantly the torso area, and measure its fluctuations to
compute the breathing rate or the lungs volume variation [11],
[12], [14]–[16]. However, there are other contactless
approaches like Natascia Bernacchia et al. [13] in 2014 that
only use the abdominal area, Ahmad Abushakra and Miad
Faezipour [24] in 2014 uses the acoustic breathing signal
captured by a smartphone to predict the evolution of the
cancerous lung cells. These approaches showed accurate
results, in general, with a very low error between the results and
the used ground truth. The proposed system showed promising
results with the use of the skeletal joints. The percentage of
error of the results using the best axis for each mode was
significantly higher than the related work. Although, analyzing
the results of the best axis of each acquisition, the accuracy was
similar to the related work that shows the importance of
creating a method that automatically chooses the best signal to
use in the breathing rate measurement.
It was possible to identify two limitations in the method
proposed in this thesis that are also present in almost all similar
prototypes: the system only works with static subjects and the
thickness or loose clothes can interfere the measurement
performance. An exception is Flavia Benetazzo et al. [7]
approach that uses the skeletal joints to define the ROI, in order
to handle the movement of the subjects. The limitation caused
by the thickness or loose clothes is common in the prototypes
that use depth cameras and measure the breathing rate
computing the chest fluctuations. However, it can be asserted
that with minimal data processing it was achieved very
promising results.
V.

CONCLUSIONS

The breathing rate is an important parameter to track in order
to prevent serious complications in patients. Measure this
parameter without any physical interfaces can significantly
improve the health screening for example in waiting rooms [7].
The results that were obtained with the presented approach
show that it is possible to detect breathing movements from the
skeletal joints acquired from Microsoft Kinect v2. It was
analyzed the accuracy of each axis of the skeletal joints in
measuring the breathing rate, and it was possible to conclude
that, for seated acquisitions, the z-axis of the left shoulder
obtained a mean error lower than the other axes and, for
standing acquisitions, the y-axis of the left shoulder obtained a
mean error lower than the rest.
The percentage of error of this system, using the axis that
presented an average of error lower, was higher than the similar
approaches reviewed. However, if compared with the best
signal for each acquisition, the percentage of error was similar.
This factor deserves some future work due to his promising
results.
This approach differentiates from related work since it uses
signals that are already processed automatically by Kinect, in
contrast with others that computes the variations of chest
distances to the sensor. This approach has achieved interesting
results but still needs improvements. This system gains an
advantage by achieving results with a minimal data processing,
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which can be useful to apply in low processing devices or to run
in the background without causing any negative processing
impact.
This system can be used in waiting rooms of a hospital or
clinic to detect variations of the breathing cycle of a patient and
alert the nurses or it can also be used in the gaming industry.
Since the device used is a Microsoft Kinect, that is available for
XBOX gamers, this system can act in order to make the games
more interactive, using the breathing rate as an input, so that the
game can adapt, becoming more stimulating for the player. It
can also be used in augmented reality, using this system to
measure the breathing rate of the subjects in a room and display
it in an augmented reality device [33].
At the beginning of this work, it was set three main goals.
The first two was determine if the skeletal joints from Kinect
data have any physiological information and to conclude if it is
possible to measure the breathing cycle from the skeletal joints.
Although the accuracy of the first method was not better than
the similar approaches, it has been proved that it is possible to
measure the breathing rate through the skeletal joints. The third
goal was to analyze the reliability of these signals, validated
with a more accurate device. This third goal was also
accomplished. It was found the most accurate skeletal signal for
each acquisition mode and his respective value.
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