Pre prints.org

Article Not peer-reviewed version

A New Smartphone-Based Method for
Remote Health Monitoring: Assessment
of Respiratory Kinematics

Emanuele Vignali , Emanuele Gasparotti, Luca Miglior , Vincenzo Gervasi, Lorenzo Simone,

Dorela Haxhiademi , Lara Frediani, Gabriele Borelli, Sergio Berti, Simona Celi i

Posted Date: 13 February 2024
doi: 10.20944/preprints202402.0737v1

Keywords: smartphone sensors; inertial movement units; respiratory kinematics; remote health monitoring

Preprints.org is a free multidiscipline platform providing preprint service that
is dedicated to making early versions of research outputs permanently
available and citable. Preprints posted at Preprints.org appear in Web of
Science, Crossref, Google Scholar, Scilit, Europe PMC.

Copyright: This is an open access article distributed under the Creative Commons
Attribution License which permits unrestricted use, distribution, and reproduction in any
medium, provided the original work is properly cited.



https://sciprofiles.com/profile/1393817
https://sciprofiles.com/profile/3402719
https://sciprofiles.com/profile/3402744
https://sciprofiles.com/profile/2430989
https://sciprofiles.com/profile/967796

Preprints.org (Www.preprints.org) | NOT PEER-REVIEWED | Posted: 13 February 2024 doi:10.20944/preprints202402.0737.v1

Disclaimer/Publisher’'s Note: The statements, opinions, and data contained in all publications are solely those of the individual author(s) and

contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to people or property resulting
from any ideas, methods, instructions, or products referred to in the content.

Article

A new Smartphone-Based Method for Remote Health
Monitoring: Assessment of Respiratory Kinematics

Emanuele Vignali (0, Emanuele Gasparotti 4, Luca Miglior 2, Vincenzo Gervasi 2,

Lorenzo Simone 2, Dorela Haxhiademi 3, Lara Frediani 4, Gabriele Borelli %, Sergio Berti 5
and Simona Celi *

1 BioCardioLab, Bioengineering Unit, Fondazione Monasterio, Massa, Italy; evignali@ftgm.it,

gasparotti@ftgm.it, s.celi@ftgm.it

Department of Computer Science, University of Pisa, Pisa, Italy; 1. miglior@studenti.unipi.it,
gervasi@di.unipi.it, lorenzo.simone@di.unipi.it

Intensive Care Unit, Fondazione Monasterio, Massa, Italy; dorela@ftgm.it

Interventional Cardiology Unit, Azienda USL Toscana nord ovest, Piombino, Italy;
lara.frediani@uslnordovest.toscana.it, gabriele.borelli@usIlnordovest.toscana.it
Interventional Cardiology Unit, Fondazione Monasterio, Massa, Italy; berti@ftgm.it

*  Correspondence: s.celi@ftgm.it; Tel.:+39-0585493642

T These authors contributed equally to this work.

Abstract: The remote monitoring of clinical parameters plays a fundamental role in different
situations, like pandemic health emergencies and post-surgery conditions. In these situations, the
patients might be impeded in their movements and it could be difficult to have a specific health
monitoring. In recent years, technological advancements in smartphones have opened up new
possibilities in this landscape. The present work aims to propose a new method for respiratory
kinematics monitoring via smartphone sensors. In particular, a specific application was developed to
register Inertial Movement Unit (IMU) sensors data from the smartphone for respiratory kinematics
measurement and to guide the user through a specific acquisition session. The session was defined to
allow for the monitoring of the respiratory movement in five prescribed positions. The application and
the sequence were successfully tested on a given population of 77 healthy volunteers. The resulting
accelerometers and gyroscope signals were processed to evaluate the significance of differences
according to participants sex, vector components and smartphone positioning and, finally, to estimate
the respiratory rate. The emerged statistical differences revealed the significance of information in
the different acquisition positions.

Keywords: smartphone sensors; inertial movement units; respiratory kinematics; remote health
monitoring

1. Introduction

The importance of remote monitoring of health parameters has risen in the most recent years
[1]. Thanks to technological advances in the fields of medicine, informatics and engineering, there
has been a rapid growth of technologies capable of providing a tool for remote monitoring subjects
or patients in different ways [2]. The target of these applications is represented by people with
movement impediments or forced to remain home. This aspect acquired even more relevance after
the pandemic emergency of recent years, which was linked with an increasing development of such
health monitoring methods [3,4]. The monitoring methods can be of multiple nature: audio, video
or biomedical signals in a more general sense. Examples are given by the remote monitoring of ECG
signals [5,6], heart rate [7] and others. Currently, there are many integrated "smart" systems such as
smartwatches and smartphones that can be used to obtain real-time information on lifestyle and health
status in a non-invasive way.

In this landscape, smartphones play a critical role. This is demonstrated by the rising number of
commercial and non-commercial smartphone applications aimed at acquiring and analyzing generic
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biomedical signals, promoting an increasing number of actual clinical trials. An example is given by
the Apple Heart Study born from the partnership of Apple, Inc. and Stanford University [8]. Starting
from these experiences, during the COVID-19 pandemic we have witnessed a further growth of such
devices and apps aimed precisely at the remote monitoring of COVID-19 patients [9]. In the pandemic
context, smartphone systems can play a fundamental role in fulfilling two intrinsically related aspects:
guaranteeing the safety and health of the domestic population and systematically monitoring isolated
subjects remotely. Nowadays, the monitoring of vital functions through smartphones is made possible
thanks to the numerous sensors integrated into them such as: high resolution cameras, geo-localization
sensors, accelerometers, gyroscopes, magnetometers, ambient light sensors and microphones [10,11].
Examples are given by the works of Brown et al [12] and Kvapilova et al [13], in which applications
were developed to record through the smartphone microphone cough sounds to remotely diagnose
infections via Artificial Intelligence algorithms.

The works from the literature demonstrate how these instruments are capable of providing health
information are a powerful tool for prevention and monitoring of public health for impeded patients.
Beyond the needs imposed by pandemics, it is relevant to underline that remote monitoring also plays
a key role in monitoring rehabilitation conditions for patients who underwent surgery interventions
[14]. An example is given by the work of Halloran and colleagues, in which a population of stroke
patients was successfully monitored via wearable accelerometer sensors for rehabilitation [15].

The current drawback of smartphone-based systems is the limited nature of the biomedical
signals that can be provided, regardless of their embedded sensor technology. An example is given
by the respiratory kinematics. It is in fact fundamental to underline how the respiratory act is
linked with complex kinematics that are much more extensive than the information reported by
a single one-dimensional pattern [16]. The corresponding respiratory pattern should therefore be
characterized by a 4D dynamic system (3D space and time) where the spatial component does not
respond only to the excursion of the rib cage with its respiratory frequency, but to the way in which
the rib cage and the diaphragm allows the act of inhalation and exhalation. The study of chest wall
kinematics during respiratory act has relevance in different health contexts [17,18], including the
rehabilitation after surgery [19]. Previous contributions reported the relevance of chest wall movement
for respiratory function, due to the link between ventilation and diaphragm motion when chest
expansion is impaired as a consequence of surgery [20]. Weakening of chest wall muscles increases the
risk for postoperative pulmonary complications with consequent further impairing the pulmonary
function [21]. In some cases, chest wall movement and pulmonary function in patients who underwent
cardiac surgery revealed an asymmetric respiratory movement and an anomalous breathing pattern
after three months from the intervention, when compared with preoperative values [22]. In literature,
accelerometer measurements for respiratory kinematics at chest and abdomen level were reported
already [23-25] with successful results in different contexts. To our knowledge, mostly wearable
systems with standalone sensors were used.

In this context, the current paper proposes a new smartphone-based method for respiratory
kinematics assessment, with the development of an application dedicated for the remote monitoring
of patients. The main idea behind this work is the definition of an acquisition protocol with a new
application for the evaluation of chest / abdomen respiratory kinematics via embedded Inertial
Movement Units (IMUs) sensors. In this manuscript, the method feasibility will be demonstrated by
first presenting a validation procedure of the monitoring system. After the validation, a dedicated
application will be developed and described. Then, a measurement campaign with the above cited
application, involving healthy volunteers, will be defined and the resulting accelerometer / gyroscope
signals will be processed. Finally, the results will be discussed considering the signal differences
among the considered population.
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2. Materials and Methods

In this section, the validation of the accelerometer / gyroscope measurements will be described
first, then the application development will be characterized. At last, a the signal processing procedure
and the acquisition campaign will be explained.

2.1. Validation

The measurements from the smartphone-embedded IMU sensors were validated first. Firstly,
an acquisition procedure was defined to evaluate the feasibility. A sample of ten healthy volunteer
subjects, (31 £ 1.5 and 30 + 2.2 years old, BMI of 22.9 &+ 4.0 and 19.5 + 3.9, for 4 males and 6
females, respectively) were involved for the preliminary data recording protocol definition. Different
smartphone positioning configurations were defined to fully explore respiratory kinematics at both
the chest and abdomen levels. It is, in fact, established that the respiratory act generates complex
kinematics at the rib cage level [26]. Figure 1 shows the summary of the movements of the rib cage
and diaphragm during the respiratory cycle. As it can be seen, the kinematics includes not just
one direction but multiple degrees of freedom in three-dimensional space and it also includes the
movement imposed by the diaphragm compression [27,28].

Figure 1. Summary of rib cage kinematics during respiratory act, including diaphragm compression.

On the basis of this evidence, configurations to explore the respiratory kinematics were established
with clinicians’ support, as summarized in Figure 2 a - b. Briefly, five configurations were identified
with two possible orientations of the smartphone, i.e. vertical (Figure 2 a) and horizontal (Figure 2 b)
for a total of ten cases. The five configurations are given by:

Position 1 - right side of the chest (rc)

Position 2 - left side of the chest (Ic)

Position 3 - chest center (cc)

Position 4 - upper abdomen (ua)

Position 5 - lower abdomen (la)

The acquisition from the smartphone-embedded IMUs were performed with a dedicated
application for this preliminary validation phase. For each of the defined positions, the volunteers
were asked to follow the given steps, with the support of an operator:

®  The subject was asked to position supine on the bed and breathe normally

®  The operator, after ensuring the correct positioning of the volunteer subject, placed the smartphone
designated for acquisition in one of the ten defined configurations and started the recording

e  The subject was asked to hold his / her breath for 2 seconds, to allow for zero input reference
registration, necessary for noise estimation

®  The subject was then asked to breathe normally for 20 seconds, at the end of which the recording
was stopped
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¢ At this point, the operator can place the smartphone in the next position and repeat the previous
steps, until the pre-established configurations are completed

a) ; b)

ERNERREN
H & E

Figure 2. Prescribed positions for smartphone acquisition with vertical (a) and horizontal (b)
orientation.

After each test session, the data from smartphone acquisitions were transferred to a computer
for off-line processing procedures. All the processing was carried out with a custom script in Matlab.
Data from both acquisition sessions were sampled with a frequency of 100 Hz. In particular, the
three accelerometer (ay ;) and gyroscope (wyy,z) signals were processed. For all the waveforms, the
Signal-to-Noise Ratio for accelerometers (SNR;) and gyroscopes (SNR,), evaluated as vector module,
in dB was calculated according to:

SNR = 10l0g (P“g’f”’> (1)
noise

where Pg;q,, is the signal power, calculated during the respiratory activity interval, and Py;s is the

noise power, calculated during the zero input reference interval. The signal and noise power were

calculated according to:

p= Ly s @)
1 N n=1

where N is the number of samples in the interval and s(t) is the waveform on the chosen interval
(signal for the respiratory activity interval and noise for the zero input reference interval). After SNR
calculation, the signals were analyzed in terms of artifacts presence. In particular, these two main
steps were imposed: filtering and artifact individuation. For the filtering, a band-pass filtering, with
lower and upper frequencies of 0.1 Hz and 1 Hz, was imposed on the signal to remove the effects of
high-frequency noise, low-frequency drifts and sensor offsets. In particular, a Butterworth filter of
4th order was imposed. For the artifact removal, step-like and drift artifacts were individuated in the
waveforms, as they were assumed to be linked with sensor sliding during the acquisition. The artifacts
were detected by adopting a Wavelet transform-based method [29].

2.2. Application Development

After the validation phase, a dedicated smartphone application aimed at guiding the user through
the acquisition procedure and for accelerometer and gyroscope signals acquisition was developed
(Figure 3). The application was programmed to be compatible with Android operative systems. In
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particular, a multilingual application was created, written in the general purpose Kotlin language, and
based on a classic client-server architecture with REST interfaces. The client-server architecture was
required to allow the data sharing procedure, with the app serving as the client, while a central server
takes on the server and database management role.

The application was programmed to ask the user to choose among the different measurement
protocols, depending on the smartphone positioning. The app was developed in order to guide
the user to correctly finalize the measurement with an exemplificative video and prerecorded voice
instructions. During the acquisition, the app would record the data from the embedded IMU in terms
of accelerometer and gyroscope data. Additionally, the app was developed in order to communicate
with an external pulse oximeter device via Bluetooth Low Energy (BLE) protocol, thus enabling
the correlation of the IMU measurements with blood oxygenation and heart rate data. At the end
of each acquisition, the app was programmed to share the anonymized data with the server via
network connection. Particular attention was given to the privacy requirements for the protection of
sensitive data collected by the app. Given this aspect, the application was programmed to associate
the measurement with anonymous identifiers rather than personal data.
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Figure 3. Application server - client workflow for data sharing.

The application was successfully finalized. In Figure 4, the position selection, the user
identification, the exemplificative video and the acquisition interface are reported [30].

c) d)

MyBreathingHeart MyBreathingHeart

Scena 1

a)

MyBreathingHeart 4

Misurazione con il dispositivo
posizionato sulla parte destra del torace.

Sp02: 127 Frequenza: 255 bpm

Figure 4. Application interfaces examples: position selection (a), user identification (b), positioning
exemplificative video reproduction (c) and acquisition interface (d).
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2.3. Signal Processing

After finalizing the application, a workflow for processing the IMU data was defined. The
following processing operations were imposed on accelerometer signals ay,,.(n): filtering, cycle
identification and reference system correction. For the filtering, the same method proposed in the
Validation phase of subsection 2.1 was imposed. Specifically, the band-pass filter was applied to
remove both noise and low frequencies errors, linked with unwanted body movements. For the cycle
identification, a peak detection algorithm was imposed on the channel linked with the maximum signal
range, to search for local minima. A single respiratory cycle was assumed to be included between two
local minima of the main acceleration component (Figure 5).

yah \
/ \
Ayy,(N)/ \
/ \
/// \\\
i ) i
ny \ Nena
\
/ \
//
\
\ / \ //
\\ / . ‘\‘ //
. i-thcycle /

Figure 5. Example of a single respiratory cycle identification.

The smartphone at these minima was assumed to be stationary and consequently, acceleration
components were assumed to be zero. To follow this assumption, the acceleration signals at the i-th
cycle (a;,y,Z (n)) were processed according to a linear drift correction:

e 3)
end 0

i i i i agc,y,z (n= n d) - aéc,y,z (n= 716)
a;c,y,z(n) = agc,y,z(n> - aéc,y,z(n = 1’16) - < “ n
where 1) and nfm ; are the time indexes of the beginning and end of the i-th respiratory cycle.

Before proceeding with reference system correction, angular velocities (wy,y- (1)) from gyroscope
were processed. Briefly, a band-pass filtering, as already imposed for the accelerometer signals, was
adopted and the cycles according to the already established local minima were individuated. Then, a
linear correction like the one described in Equation 3 was imposed to each gyroscope signal w , . (n) at
each respiratory cycle. Finally, a numerical integration process was imposed to obtain the orientation

angles (Gi,y,Z (n)) from the angular velocities. In particular, the 925,%2 (n) were calculated according to:

91' (n) _ i (w;c,y,z(k - 1) + w;c,y,z(k)> Atk (4)

XY,z
k=0 2

At this point, it is possible to use the orientation angles to transform the acceleration components
from the local reference system to the global reference system. Assumptions on the smartphone
orientation during the respiratory act were made. The assumptions are summarized in Figure 6. In
particular, it was hypothesized that the smartphone orientation was the same at the beginning and at
the end of each respiratory act, defined by the initial local reference system [xg, 1o, zo]. On the basis of
this, a linear correction similar to the one expressed in Equation 3 was imposed to GQI%Z (n) as well. At
a given time point n within the i-th respiratory act, the smartphone orientation was defined according
to the generic local reference system [xy,, Y, zu|. A time-varying rotation matrix R (1) can be defined
to convert the components from the local reference system at time 7 to the local reference system at
time n;,.
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i-th Respiratory act

Yo Yo
n=ng n = Neng

Figure 6. Local reference system with rotation matrices on a respiratory act.

From the angle orientation estimation, the rotation matrix Ri (1) for each interval was defined,
by considering the roll (9;(11)), pitch (6. (1)) and yaw (6% (n)) angles [31], as:

w0 (1) = R (62(1))Ry (8 (1)) Re (65 (1)) ©)

where R; is a rotation matrix about the j-th axis. Finally, the time-varying rotation matrix of Equation
5 was applied to the acceleration components aicry,z(n) to calculate the acceleration in the [xg, o, 2]
reference system on the i-th interval as:

ai(n) [l
|| =R |am]| ©)
al(n) ] % di(n) |

As an additional point, the accelerometer and gyroscope data were used, after the above cited
processing, as a tool to estimate the Respiratory Rate (RR) for each acquisition. In particular, the signal
revealing the maximum range after filtering among a(n)y,y. and w(#n)y,,. was selected. Then, the
discrete Fourier transform was imposed to the selected signal (s(1)) via the Fast Fourier Transform
algorithm, according to:

S(f)= Y stme ?)
n=—oo
where f is the frequency domain variable and S (f) is the discrete Fourier transform of the signal.
Given the semi-periodicity of the signal s(n), the RR can be estimated by the nonzero frequency fy
corresponding to the maximum of |S (f)].

2.4. Acquisition Campaign

After validating the acquisition protocol, developing the dedicated application and defining the
signal processing, a specific acquisition campaign was carried out. The campaign was defined to
gather data from a population of healthy volunteers. A total of 77 subjects with no known respiratory
or cardiovascular pathologies were recruited. The subject distribution in terms of age and Body Mass
Index (BMI), with highlight on corresponding mean =+ standard deviation (42 =+ 11.5 years old and
BMI of 23.2 + 3.8) and seX, are reported in Figure 7.
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Figure 7. Distribution in terms of age (a) and BMI (b) for the population of volunteers selected for the
acquisition campaign. The mean + standard deviation range was highlighted.

In particular, the population was constituted by 33 males (41 £ 10.8 years old and BMI of 23.7 &
3.0) and by 44 females (42 £ 12.0 years and BMI of 23.0 £ 4.3). All participants were fully informed
about the purpose of the study and informed consent documentation was obtained from all. The IMU
signals for all the prescribed positions were processed for all the subjects, according to the procedure
summarized in subsection 2.3. During the acquisition campaign, the users were asked to rate the
application’s usability on a scale from 1 (worst score) to 5 (best score). Additionally, the statistical
significance was evaluated according to patient sex, prescribed smartphone position and between
the three main vector components of accelerometer / gyroscope sensors. In particular, the statistical
significance tests were carried out in terms of maximum range of each accelerometer (Aay ;) and
gyroscope (Awy y,z). The significance of differences for all the above cited parameters was assessed via
two-sample Kolmogorov-Smirnov tests. All the tests were carried out with a significance level of 1%.
As an additional point for the acquisition campaign, the RR was calculated for each subject, according
to the method described in previous subsection 2.3.

3. Results

Concerning the validation phase, the preliminary data gathering campaign was successful. The
SNR,; and SNR,, values are reported in Table 1 for each of the five positions with both vertical and
horizontal orientation.

The artifact detection protocol imposed in this phase revealed the presence of drifting artifacts in
the acquisitions of positions with vertical orientation (Figure 2 a). An example of these events, occurred
on position cc, is showed in Figure 8 before and after filtering. From the preliminary validation
campaign, drifting artifacts appeared on 26% of the acquisitions with vertical orientation. For this
reason, positions with horizontal orientation only were carried out in successive acquisition campaign.


https://doi.org/10.20944/preprints202402.0737.v1

Preprints.org (Www.preprints.org) | NOT PEER-REVIEWED | Posted: 13 February 2024 doi:10.20944/preprints202402.0737.v1

9o0f 16

Table 1. SNR values from the validation phase in the ten prescribed smartphone configurations (five
positions and two orientations).

Smartphone Positions SNR; SNRy

rc 19dB 18 dB
cc 26dB 25dB
Vertical orientation Ic 23dB 20dB
ua 26dB 25dB
la 23dB 22dB

rc 20dB 23dB
cc 25dB 26dB
Horizontal orientation Ic 22dB 21dB
ua 25dB 25dB
la 26dB 25dB

0.3 T T T T T T

’ Raw: =

h W

0.2

0.

_E?

a, (m/s?)

\

.03 | | | | | | | | |

Time (s)

Figure 8. Example of drifting event in signal a, during preliminary acquisition campaign, on position
cc and vertical orientation.
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Figure 9. Distribution in terms of usability score for the population of volunteers selected for the
acquisition campaign. The mean =+ standard deviation range was highlighted.

Concerning the campaign, the acquisitions were successful for the healthy volunteers. The five
positions rc, Ic, cc, ua and la were recorded for all the cases. The distribution in terms of application
usability score, on the basis of the volunteers’ evaluation, is reported in Figure 9, with highlights
on the mean =+ standard deviation (4.0 £ 0.6). The distributions in terms of ranges of accelerations
and gyroscopes are reported in the box plots of Figure 10 and Figure 11. In particular, the data were
subdivided in males and females volunteers in Figure 10, while the overall distributions are presented
in Figure 11. In Figure 10 the components exhibiting a significant difference between male and female
populations were highlighted with an asterisk. For both figures, the box plot data were grouped
according to smartphone positions.
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Figure 10. Box plots for male / female populations in terms of acceleration ranges Aay,y . (a) and
angular speed ranges Awy,y,» (b), grouped according to different smartphone positions. Highlights on

significant differences (p < 0.01) were reported with an asterisk.
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Figure 11. Box plots for overall population in terms of acceleration ranges Adyy,z (a) and angular speed
ranges Awy y - (b), grouped according to different smartphone positions.
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The results of Kolmogorov-Smirnov tests were reported in terms of over / under threshold
p values. In particular, Figure 12 schematizes the p values to assess the statistical significance of
difference between main components of accelerations (Figure 12 a) and gyroscopes (Figure 12 b) vector
component ranges. Similarly, the results of statistical significance of the different smartphone positions
are summarized in tables of Figure 13, in terms of accelerations (Figure 13 a) and gyroscopes (Figure
13 b) vector component ranges. For all the tables of Figure 12 and Figure 13, light squares were used to
highlight the statistical significant differences (p < 0.01).

rc cc lc ua la
Aa, Aay Aa, Aa, Aay, Aa, Aa, Aay, Aa, Aa, Aay Aa, Aa, Aay Aa,

Aay @

p>0.01

p <001

Figure 12. Tables of p-values from Kolmogorov-Smirnov tests to assess statistical significance of signal
vector components in terms of Aay . (a) and Awy,y,z (b).
Aa, Aay, Aa,

a)
rc cc Ilc ua la rc cc Ilc ua la rc cc lc ua la

9 S S
rc \
N R

cc

lc

ua

[ ‘ \ [ N > 0.01
la p=>0

p <0.01

\ %

Figure 13. Tables of p-values from Kolmogorov-Smirnov tests to assess statistical significance of
smartphone position in terms of Aay,y . (a) and Awy,y,z (b).

Concerning the RR estimation, the distribution, with values in acts per minute (apm), was reported
in Figure 14 with an highlight on the mean + standard deviation (23.2 £ 4.8 apm).
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Figure 14. Distribution in terms of RR for the population of volunteers selected for the acquisition
campaign. The mean =+ standard deviation range was highlighted.

4. Discussion

The results presented in the previous section demonstrated the feasibility of the new procedure
for respiratory remote monitoring. In particular, it was demonstrated that the novel smartphone-based
acquisition method for chest / abdomen respiratory kinematics was suitable for the task, thanks to
the validation procedure imposed. A dedicated application was developed with success and the
acquisition campaign was carried out on a significant number of volunteer cases. The acquisition
campaign revealed significant differences in different terms such as participant sex, vector components
and smartphone position.

Concerning the first validation phase, the SNR,; and SNR,, were successfully calculated for the
preliminary population, as reported in Table 1. The values reported from the different smartphone
positions were contained within the 19 - 26 dB range, which is an acceptable range for signal evaluation.
The values contained in Table 1 confirm the feasibility to adopt all the smartphone positions in both
orientations to record the respiratory kinematics. The values of SNR demonstrate the possibility to
detect the respiratory kinematics with the proposed procedure. It was observed that smartphone
slipping can occur for vertical orientation. The artifact detection process during the validation phase
revealed signal drifting phenomena for the 26% of the acquisitions, as reported in the example of
Figure 8. Given the results of the preliminary validation phase, the subsequent acquisition campaign
was carried out by adopting horizontal orientations only.

Concerning the acquisition campaign, 77 healthy volunteers were recruited. The scores in terms
of application’s usability were satisfactory (Figure 9), with a mean score of 4.0 £ 0.6 on a scale from 1
to 5.

The distributions with male - female sub populations of Aay y, . and Awy,y,. were obtained (Figure
10). The statistical tests concluded that for the rc, cc, Ic and ua positions, no significant difference
exists according to the subject sex. On the contrary, as highlighted in Figure 10, a p < 0.01 score was
produced for Aay, Awy and Aw; for the la position. These results denote the statistical difference
between male and female subjects for the above cited position. This highlighted aspect results to be
in accordance with the different respiratory nature existing between males and females, linked with
diaphragm movement, as already reported in literature [32]. Moreover, the ranges of accelerometer
measurements reported in Figure 10 are in line with values from literature concerning acquisitions in
the abdomen area [33].

The overall distributions of Aay,. and Awy,. were obtained (Figure 11). The statistical
significance of the different the vector components in the five positions was assessed (Figure 12).
In particular, the rc and Ic positions reveal similar behaviors both in terms of accelerations and angular
velocities, with z components being significantly lower than both x and y components. The cc and
la positions, instead, reveal significant differences between all components for both acceleration and
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angular velocities, with higher values on the Aa, and Awy, respectively. At last, the ua position exhibits
a single dominant component in terms of acceleration (Aay) and differences between all the different
components in terms of angular velocities. These data highlight a relevant concept: lateral chest
positions (Ic and rc) exhibited nonnegligible acceleration components and rotations on the chest plane,
while the cc, ua and la usually exhibit a single dominant component, which is in line with the central
nature of their location. These data suggest that the respiratory kinematics is more complex at lateral
chest level, where multiple degrees of freedom are covered [27,28]. In general, the differences emerging
from the comparison of the prescribed smartphone positions demonstrate the possibility to detect the
several components of the respiratory kinematics, linked with chest and abdomen displacements.

The statistical significance of the different smartphone positions used during the acquisition
campaign was assessed (Figure 13). In particular, it appears that the components acquired on the
chest (rc, cc and Ic) are always significantly lower than the ones acquired on the abdomen (ua and
la) for Aay, Aa, and Awy components. This aspect underlines the different nature respiration on the
basis of the acquisition position, as acceleration ranges suggest an higher excursion in the abdomen
area, which is characteristic of normal healthy breathing [34,35]. For the Aay and Awy components,
no significant difference emerged by comparing Ic and rc lateral chest positions and by comparing
cc and ua. This last trend confirms the similar nature of both lateral chest positions, in which the
Aay and Awy components are not negligible, and the similar nature of cc and /4, being both central
positions for the acquisition. At last, the Aw,, statistical relevant differences emerged from cc position
only. Nevertheless, it is possible to observe that the Aw, range were always limited in comparison to
the other gyroscope components (see also Figure 11 b) and, for this reason, the differences were not
considered relevant.

Finally, the RR was calculated for all the subjects from the signal acquired during the campaign

(Figure 14). The reported mean =+ standard deviation values are 18.6 & 3.8 apm which are contained in
the physiological range according to literature [36].
The presented work exhibits points of limitation and future work opportunities. A direct validation
of the acquisition of the respiratory movement via smartphone is still lacking in the presented work.
Nevertheless, the feasibility of the acquisition procedure was demonstrated by revealing satisfactory
levels of SNR and significant differences in the main accelerometer and angular velocity components.
The study did not foresee the adoption of the application for actual remote monitoring, with users
without operator supervision. Nevertheless, the application was deemed as satisfactory in terms of
usage according to the reported scores. The presented work has the potential to be used to gather a
significant volume of data, given the widespread nature of smartphone diffusion. The current work is
limited by the involvement of healthy subjects only. It would be interesting in the future to include
pathological subjects, with known respiratory diseases or under a post-surgery rehabilitation regime,
into the recruitment study.

5. Conclusions

In this manuscript, a new method for the acquisition of respiratory kinematics signal via
smartphone was presented. The feasibility of the presented methodology was demonstrated and a
total of five smartphone positions, covering both chest and abdomen, was defined. After the validation,
an acquisition campaign was carried out with success on healthy subjects population. The gathered
data revealed significant differences among the different acquisition positions, with the possibility
to distinguish features of the chest and abdomen kinematics during the respiratory acts. The study
represents a first step towards a new approach for remote respiratory monitoring based on smartphone
acquisitions.
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Abbreviations
The following abbreviations are used in this manuscript:
apm  acts per minute

BLE  Bluetooth Low Energy
BMI  Body Mass Index

cc chest central

IMU  Inertial Movement Unit
la lower abdomen

lc left chest

rc right chest

RR Respiratory Rate
SNR Signal to Noise Ratio
ua upper abdomen
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