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Abstract— This article presents a continuous home 

telemonitoring system for chronic respiratory patients 
using 5G connectivity developed in partnership with 
Vodafone as a part of the 5G Trial in Milan established by 
the Italian Ministry of Economic Development. The system 
features a wearable respiratory and activity monitor, an 
environmental sensor and a pulse oximeter sending the 
data through a 5G router to a Multi-Edge Computing 
server, incorporated in the Vodafone 5G infrastructure, 
where they are stored and accessible for visualization. In 
particular, activity, respiratory and environmental data 
are continuously streamed and collected. The solution has 
been tested on 18 healthy volunteers during non-
supervised recordings lasting at least 48 hours. The 
combination of recognized activities and associated 
respiratory parameters provided statistically significant 
variations in breathing patterns between one activity and 
the other, thus giving more complete information to the 
clinicians than previously studied telemedicine systems 
based on spot-checks. In particular, statistically significant 
differences are found in tidal volume and minute 
ventilation between horizontal and vertical postures 
(p<0.001) and between vertical postures and dynamic 
activities (p<0.001); the respiratory rate shows statistically 
significant differences between horizontal and vertical 
postures (p<0.001). Some environmental parameters have 
different mean values between day and night, such as 
carbon dioxide (p<0.001). Trials on patients are needed to 
further study this telemedicine solution and make it 
commercially available in the future. The main further 
technical development suggested is the use of commercial 
5G smartphones as routers, in order to make the system 
usable outside of home settings. 
 

Index Terms— telemedicine, telemonitoring systems, 5G 
applications, respiratory patients, wearable devices 

I. INTRODUCTION 
In the scientific literature, many solutions have been 

developed in the field of telemonitoring of chronic respiratory 
patients, especially dealing with chronic obstructive 
pulmonary disease (COPD) [1][2], asthma [3][4] and Cystic 
Fibrosis [5]. It emerged that some physiological parameters, 
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among which respiratory parameters, activity level, heart rate 
and blood oxygen saturation [6][7], can assume values that are 
predictive of exacerbations and therefore it is believed that 
remote monitoring might lead to more effective and timely 
interventions before crises, thus both improving the quality of 
life of the patients and reducing the costs for the health care 
systems. There is evidence that some telemonitoring solutions 
have been effective in reducing hospital admissions [8], 
however larger trials and a standardized telemonitoring 
approach are needed to improve the quality of e-Health 
interventions [9].  

It is also reported in the literature that people spend up to 
87% of their time indoors [10], and this percentage is expected 
to be even higher in the case of chronic respiratory patients, 
who are usually old and lead sedentary lifestyles. This 
suggests that monitoring patients at home would provide 
adequate insights on their daily life.  

The presented continuous telemonitoring system has been 
developed in partnership with Vodafone as a part of the 5G 
Trial in Milan established by the Italian Ministry of Economic 
Development (MISE). The research has been conducted on 
healthy subjects in order to test the overall system and obtain 
reference data to be compared with pathological subjects in 
future research projects. 

II. STATE OF THE ART 
Telemonitoring systems generally follow the so-called two-

hop architecture, i.e. data coming from sensors are transmitted 
to a gateway with sensor-manager link technologies (e.g. 
Bluetooth, BT-LE, ANT/ANT+, ZigBee, Z-Wave) and then 
from the gateway to the data management section with cellular 
link technologies (e.g. Wi-Fi, 4G, 5G) [11]. 

The most common categories of sensors used in the field of 
telemonitoring of chronic respiratory patients are respiratory 
signal monitors, activity trackers, environmental sensors, pulse 
oximeters and other sensors of physiological variables [12].  

From the literature, it emerges that the technology-readiness 
level for smart homes and home health monitoring is low and 
there is conflicting evidence that telemedicine solutions help 
address chronic respiratory diseases. 

On one hand, there is evidence that older adults with COPD 
experience a lower rate of exacerbations and hospitalizations  
when wearing a Bluetooth wristband that telemonitored their 
vital signs; it was also found that home care units and 
telemedicine significantly decrease the need for hospital care 
in COPD patients [13]. 

On the other hand, there was also evidence that a home-
health physiological monitoring system did not have any  
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impact on the number of hospital admissions or hospital length 
of stay in older adults with COPD [14]. 
 

A. Respiratory monitors 
 

Several types of sensors can be used for respiratory 
monitoring, with different measured parameters and levels of 
invasiveness. 

An approach for measuring breathing consists in deriving 
breathing parameters from body surface (namely, chest wall) 
motion detection, i.e. by inferring changes in thoracic volume 
from geometrical changes at discrete locations on the torso. 
Systems for continuous monitoring of breathing can use either 
wearables (e.g., respiratory inductance plethysmography [15], 
resistance-based sensors or garments [16][17], capacitance-
based sensors [18], inertial measurement units [19][20], fiber 
optic sensors [21]) or non-wearable devices (e.g. mechanical 
ventilators [22], polysomnography [23], contactless methods 
[24]). The advantage of using wearable devices is that they are 
not cumbersome and can be used to monitor daily life 
activities continuously, however the main drawbacks of these 
technologies are that they are less accurate than more invasive 
methods and only estimate the parameters without a direct 
measurement of the air flow coming in and out of the lungs. 
 

B. Monitoring of physiological parameters in chronic 
patients 
 

Several studies [7] report significant variations of 
physiological parameters before a COPD exacerbation, the 
most relevant of which are reported in Table I. 

Low blood oxygen concentrations increase the risk of 
exacerbations, therefore pulse oximetry, which can estimate 
SpO2 by using red and infra-red light, has been used in several 
studies for spot check measurements [25].  

In particular, the number of trials that have studied the 
respiratory rate is limited and mostly confined to the use of 
spot measurements. In the studies from Martin Lesende et al. 
[26] there was no significant change in the respiratory rate, but 
this can be attributed to the method of investigation used: 
respiratory rate was self-measured with a smartphone PDA 
(personal digital assistant), therefore the accuracy of the 
method could be low and this could explain why the variations 
are not statistically significant. On the other hand, the work by 
Yañez et al. [27] is based on a direct measurement of the flow, 
therefore the method shall be considered more reliable. In this 
case, a statistically significant result on the respiratory rate has 
been obtained. Also the work by Shah et al. [28] concludes 
that all three considered vital signs (pulse oximetry, heart rate 
and respiratory rate) estimated by a probe pulse oximeter are 
predictive of exacerbation. These studies suggest that 
monitoring the respiratory rate is useful to predict and detect 
exacerbations. 

Furthermore, it was reported in the literature that respiratory 
rate can predict not only respiratory exacerbations, but also 

serious cardiac illnesses such as cardiac [29] and 
cardiopulmonary arrest [30] or heart failure [31]. 

 
TABLE I 

VARIATIONS OF PHYSIOLOGICAL PARAMETERS BEFORE AN EXACERBATION 
REPORTED IN THE LITERATURE 

Reference Parameters 
considered Results 

[32] Heart rate; blood 
oxygen saturation; 
peak flow 

The maximal change in SpO2% and 
HR occurred two days into an 
exacerbation: SpO2 had fallen by – 
1.24 SD, HR increased by 3.09 SD. 

[27] Respiratory rate Mean RR raised 1-5 days prior to 
hospitalization (two days: 15% from 
the baseline; one day: 30% from 
baseline). 

[26] Heart rate; blood 
oxygen saturation; 
respiratory rate 

Mean SpO2% fell from 93.1% to 
91.0% (4.6 SD) and mean HR 
increased from 77.8 to 84.2 min-1 
(17.1 SD). No significant change in 
RR was observed. 

[28] Heart rate; blood 
oxygen saturation; 
respiratory rate 

Mean SpO2% fell from 94% to 93%; 
mean HR increased from 80 to 83 
bpm; mean RR increased from 22 to 
24. 

[33] Heart rate; blood 
oxygen saturation 

There was an increase in HR from 87 
min-1 to 94 min-1 at the onset of an 
exacerbation; around the same time 
the mean SpO2 fell (93.6% to 
92.4%). 

[34] Heart rate (effort); 
blood oxygen 
saturation (effort) 

The best performing algorithm to 
predict a COPD exacerbation had the 
following parameters: SpO2 decrease 
≥ 2% in minutes 1 to 3 of effort, end-
of-effort HR increase ≥ 10 beats/min. 

 

C. Variation of physiological parameters in relationship with 
the activity 
 

A limitation that is found in several studies is that 
physiological parameters are usually detected with spot 
measurements and when the subject is at rest, while it is 
known that physical activity has an influence on 
cardiorespiratory function; only few studies on physiological 
parameters under effort are available, however a limitation of 
these studies is that they are performed in clinical or 
laboratory settings [34]. Further research should consider 
performing continuous measurements of SpO2 and respiratory 
rate in combination with the activity level. Continuous oxygen 
saturation measurements in combination with metabolic 
expenditure (as indicator of activity) have already been 
performed in the TELEMOLD project: the study showed that 
the transition from rest to activity, marked by an increase in 
metabolic expenditure, brings to desaturation in chronic 
respiratory failure patients [35]. 
 

D. Environmental monitoring 
 

Household air pollution was ranked as the 9th largest Global 
Burden of Disease risk. Conventional monitoring is generally 
incapable of addressing temporal and spatial heterogeneity of 
indoor air pollution. IAQ (Indoor Air Quality) is affected by 
household-generated emission of gaseous species, including 
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Fig.1.  Schematic of the implemented 5G telemonitoring system 
 
volatile organic compounds (VOCs), particulate matter (PM) 
of diverse size ranges (PM10, PM2.5 and PM1) and microbial 
contaminants including bacterial, viruses and fungi. 

Indoor air pollutants can be emitted from a range of sources. 
The most important ones for older buildings are combustion 
for heating, tobacco smoke, cooking as well as materials used 
indoors. For modern constructions, pollutants coming from 
building materials, paints and varnishes are of greater concern. 
Also indoor air pollution using biomass fuel in low-income 
countries has been found to contribute to the COPD 
prevalence, particularly due to its higher emission factors for  
PM. The concentrations of some pollutants are often two to 
five times higher than typical outdoor concentrations [36]. 

Using modern sensor technology, it is possible to measure 
online not only the climatic parameters but also the 
concentrations of air polluting substances. Even if there are 
many technologies available for measuring thermal and air 
quality parameters in homes, there are significant challenges 
in application of these technologies and in making them useful 
in controlling the indoor environment [37]. 
 

III. MATERIALS AND METHODS 
The 18 subjects involved in the research (7 men, 11 women) 

were between 18 and 80 years old at the time of the study, 
with mean age 43.7, mean height 166.0 cm and mean weight 
62.4 kg. The following exclusion criteria were applied: (I) 
presence of traumas or surgeries at the chest wall level that 
would have been invalidating at the moment of the 
acquisition; (2) inability to read numbers on a display and 
report them in a text box inside an iPad application; (3) 
domicile outside the city of Milan (due to MISE Trial 
constraints). The experimentation has been approved by the 
Ethical Committee of Politecnico di Milano (Protocol number: 
20/2019). The tests were performed during autumn and winter. 
The system was designed to continuously identify the activity 
and the respiratory parameters of the monitored subject by 
collecting data with the solution shown in Fig. 1. 

The sensor system is constituted by three monitoring 
devices: the Airgo™ (MYAIR Inc., Boston, Massachusetts; 
MyAirGo Italy Srl, Milan, Italy) band, the uHoo 
environmental sensor (uHoo, Kwun Tong, Hong Kong) and 
the SAT-300 finger pulse oximeter (Contec Medical Systems 
CO, Ltd, Qinhuangdao, China). 

The Airgo™ band consists of a 3-axis accelerometer and an 
extensible band able to provide a signal proportional to the 
thoracic circumference. The band is connected via Bluetooth 
to an iPad and data are continuously collected by an iOS app.  

The uHoo environmental sensor is connected via Wi-Fi to a 
server that allows it to read the real-time data on an app and 
then to export them to a central database. This sensor 
measures the following nine parameters: temperature, 
pressure, relative humidity and the concentrations of carbon 
dioxide (CO2), carbon monoxide (CO), nitrogen dioxide 
(NO2), ozone (O3), fine particulate matter (PM2.5) and total 
volatile organic compounds (VOCs). The environmental 
sensor uses the IFTTT protocol to transmit data from its server 
to Google Spreadsheet, which is where data are first collected 
and reported into a central database. 

The SAT-300 finger pulse oximeter is in compliance with 
the Council Directive 93/42/CEE of 14 June 1993 concerning 
medical devices. Spot measurements obtained with the finger 
pulse oximeter are manually inserted in the iOS app associated 
with Airgo™, therefore the measurements are only sporadic 
and ideally acquired 3-4 times a day. With this device, the 
values of heart rate and blood oxygen saturation are acquired.  
The data coming from these devices can be visualized on an 
iPad and then the Airgo™ app streams the data to an OSC 
server and a predefined port. This path is followed both by 
data coming from the Airgo™ band and from pulse oximetry 
data.  

The iPad is connected via Wi-Fi to a 5G router which is 
then connected to the 5G infrastructure. Data can be visualized 
in a dedicated dashboard, which can be accessed by 
researchers. 
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The subjects have been requested to wear the Airgo™ band 
continuously for at least 48 hours and to perform at least four 
pulse oximetry measurements a day with a minimum interval 
of 4 hours between one acquisition and the other; the 
environmental sensor works autonomously without further 
cooperation from the subject. As the Airgo™ band is worn 
over the clothes, subjects have been instructed to remove the 
device while washing and changing and wear it again 
afterwards. When the subject is at home, data are streamed via 
Bluetooth to the iPad, sent via the 5G network to the central 
database on the MEC and processed in real time, while when 
subjects go out of home data are only recorded on the Airgo™ 
band hardware. 

At the end of the participation in the research, the involved 
subjects have been asked to fill in a System Usability Scale 
questionnaire [38]. 
 

A. Technical characteristics of the Airgo™ band  
 

Airgo™ measures the changes in the thoracic circumference 
with a stretchable knitted matrix of nylon and spandex with a 
knitted-in silver coated yarn. The system takes the form of an 
electrically-conductive, elastomeric chest band that encircles 
the lower chest and floating ribs of a patient or individual  
[39]. In Fig.2, the Airgo™ system and an example of the 
correct fitting are reported, together with the orientation of the 
Cartesian axes with respect to the device. 
 

 
Fig. 2.  The Airgo™ system (left): the stretchable, knitted chest band 
and the electronic device. The correct positioning of Airgo™ around 
the subject’s torso (right). 
 

The stretchable band is coupled to a microprocessor, which 
has a memory and monitors the respiratory activity by 
collecting raw data at a sampling frequency of 10 Hz. The 
microprocessor includes an analog to digital converter that 
converts the spontaneous resistance level of the girth band into 
a 12-bit number thus generating “raw sensor data”. 

The device’s on-board microprocessor is also equipped with 
a motion detection circuit, which is a three-axial motion 
detector consisting of a three-axial accelerometer. The motion 
detection circuit provides movement and postural orientation 
data points to augment the breathing information in the 
context of the patient’s posture and movement. 

The Airgo™ band does not provide a calibrated volumetric 
measurement in Liters, but rather does provide relative 
resistance changes in values that are expressed in digits and 
encoded with 12 bits. Therefore, values vary from 0 to 212-1 = 
4095.  

These arbitrary units [a.u.] can provide important qualitative 
information and quantitative information in terms of relative 
values (tidal volume, minute ventilation), though further 
calibration would be required to provide these in absolute 
value measurements, which would add add. In order to do that, 
a calibration procedure was explored.  

B. Airgo™ band calibration procedure 
 

The assumption that the lung volume is varying linearly 
with the corresponding analog reading made it possible to 
perform a calibration on the tidal volume by comparing the 
output of Airgo™ with the one of a portable spirometer, MIR 
Spirolab ®. To perform this, a total of 10 subjects, equally 
distributed among men and women have been involved in this 
sub-study. During the tidal volume calibration of the band in 
sitting position, the subjects had to wear the Airgo™ band and 
simultaneously breathe into the spirometer performing the 
Slow Vital Capacity (SVC) maneuver at different tidal 
volumes. In order to calibrate the band, a method based on 
linear regression was used, based on what has been reported in 
the literature in the case of Respiratory Inductance 
Plethysmography (RIP) [40]. 

When a SVC maneuver was performed, the values of the 4 
to 6 breaths before the maneuver itself were used to compute 
the average raw tidal volume. The subjects were asked to 
intentionally force the tidal volume to different values (around 
3 L, 2.5 L, 2 L, 1.5 L, 1 L and 0.5 L) thanks to the visual 
feedback provided by the software associated with the 
spirometer and thus the respective Airgo™ values were 
obtained.  

The model used to explain the relationship is a linear model 
without intercept: in the case of the sitting position, both R2 
and R2

adj are equal to 0.6707 after the exclusion of one subject 
that had difficulties in following the experimental protocol. 
The correction factor to be applied when this global 
calibration curve is applied is 0.0063; the obtained regression 
line is shown in Fig. 3. 
 

 
Fig. 3.  Regression line associating the tidal volume obtained from the 
Airgo™ band and the outputs of the spirometer MIR Spirolab® during 
the Slow Vital Capacity maneuver. 
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Fig.4.  Trends of tidal volume, respiratory rate, activity and carbon dioxide concentration over a full test involving a healthy female subject (66 
years old, 163 cm, 55 kg). 
 

C. Activity recognition algorithm 
 

The algorithm used to extract the respiratory signal 
parameters and to recognize the activity of the subject is a 
threshold-based method where thresholds have been identified 
via machine learning. It is a modified version of the one 
described in detail by Qi and Aliverti [41]. The algorithm 
described in [41] had an accuracy of 97.22 ± 3.55 % when 
tested in a supervised environment, however during this 
experiment it was not possible to assess the accuracy since the 
data acquisition was not supervised and subjects were free to 
perform whichever activity they decided to. The method is 
able to distinguish between static and dynamic activities by 
considering the mean or standard deviation of the acceleration 
in a time segment. Depending on the considered activity or 
posture, the acceleration along ore or more directions is taken 
into consideration. Once it has been determined whether an 

activity is static or dynamic, a separated threshold-based 
model is applied and the activity is predicted. 

The used version is able to discriminate between 11 
different activities or postures: supine, prone, lying left, lying 
right, standing upright, bent forward, bent backward, transfer 
from one posture to the other, walking, climbing upstairs and 
climbing downstairs.  

The obtained respiratory parameters related to the tidal 
volume and its derivative were then multiplied by the slope of 
the regression line (0.0063, as it was previously mentioned). 

An example of the obtained results for the trends of tidal 
volume and respiratory rate with respect to activity is shown 
in Fig. 4, together with a graph showing the combination with 
CO2 concentration trends. Fluctuations between day hours, 
during which the subject is usually more active, and night 
hours, usually dedicated to rest and sleep, are clearly visible in 
the figure. 
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Fig. 5.  Boxplots of the median values of nine respiratory parameters divided by activity. 1 – Lying supine; 2 – Lying prone; 3- Lying left; 4- Lying 
right; 5- Upright, 6- Bent forward; 7- Bent backward; 8- Transfer (from one posture to the other); 9- Walk; 10- Climbing upstairs; 11- Climbing 
downstairs. 

IV. RESULTS 
The overall end-to-end solution was able to function 

continuously for prolonged time intervals, providing 
continuous monitoring of respiratory parameters, activities, 
indoor air quality and pulse oximetry.  

The data related to respiratory parameters were acquired in 
real time with the 5G telemonitoring system and were later 
integrated with the offline data saved on the Airgo™ device 
memory in order to allow a more complete a posteriori 
analysis.  
 

A. Activity recognition and respiratory parameters 
 
Ni ne different respiratory parameters (tidal volume, 
respiratory rate, minute ventilation, inspiratory time, 
expiratory time, total time, duty cycle, mean inspiratory flow 
and mean expiratory flow) have been studied in order to 
determine the effectiveness of the system in combining 
activity recognition and analysis of the breathing pattern. 
Eleven activities have been detected by the system: four 
horizontal static postures (lying supine, lying prone, lying left 

and lying right), three vertical static postures (standing 
upright, bent forward, bent backward) and four dynamic 
activities (transfer from one posture to the other, walking, 
climbing upstairs and climbing downstairs). The median 
values of each parameter in the 18 healthy subjects involved 
have been reported in the boxplots in Fig. 5 and the 
distributions have been statistically compared one with the 
other using Repeated Measurements ANOVA. 

The distributions of the medians of the different parameters 
have been grouped in three clusters: vertical postures, 
horizontal postures and dynamic activities. Later, vertical and 
horizontal postures have been further grouped in a single 
distribution (static postures) From the statistical analysis, it 
emerges that the parameters vary significantly between 
clusters of activities or postures, as it can be noted from the p-
values reported in Table II. 
Specifically, the p-values obtained from the Repeated 
Measurements ANOVA applied to different clusters are 
shown: columns 2 reports the results of the comparison  
between horizontal postures  (H) and vertical postures (V), 
column 3 of the comparison between V and dynamic activities 
(D) and column 4 of the comparison between static postures 
(S) and  D. 
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TABLE II 
P-VALUES OBTAINED FROM THE REPEATED MEASUREMENTS ANOVA 

APPLIED TO DIFFERENT CLUSTERS. 

Parameter H vs. V V vs. D S vs. D 

Tidal volume <0.001 <0.001 <0.001 
Respiratory rate <0.001 n.s. <0.001 
Minute ventilation <0.001 <0.001 <0.001 
Inspiratory time <0.001 n.s. n.s. 
Expiratory time <0.001 <0.001 <0.001 
Total time <0.001 0.015 <0.001 
Duty cycle 0.007 <0.001 <0.001 
Mean inspiratory flow <0.001 0.003 <0.001 
Mean expiratory flow <0.001 <0.001 <0.001 

 
The only three cases in which two clusters have not 

displayed a statically significant different are once in the case 
of the respiratory rate when comparing vertical postures and 
dynamic activities (p = 0.108) and two times in the case of the 
inspiratory time, specifically when comparing vertical 
postures versus dynamic activities (p = 0.958) and static 
postures versus dynamic activities (p = 0.140). 
 

 
Fig. 6.  Absolute values of the Fast Fourier Transform of the raw breath 
signal rate after Gaussian smoothing over 24 hours in healthy female 
subject (66 years old, 163 cm, 55 kg), the same as in Fig. 4. 
Frequencies are expressed in min-1 to show the correspondence with 
respiratory rate, expressed in breaths per minute. For visualization 
purposes, the absolute value of the Fast Fourier Transform shown in 
the figure was smoothed with a Gaussian filter. 
 

Also a spectral analysis of the raw breath signal over 24 
hours has been performed. The absolute value of the Fast 
Fourier Transform over 24 intervals of 1 hour each relative to 
a healthy female subject are shown in Fig. 6. The peak of the 
Fast Fourier Transform is more defined during night hours and 
at a lower frequency (around 12 breaths per minute), while 
during day hours the spectrum presents a larger, less defined 
peak with a shift towards higher frequencies. This might be 
due to the broader range of activities performed by the 
analysed subject during day hours, as it was previously shown 
in Fig. 4. This pattern shape can be observed for all the 
subjects who took part in the study. The hours of the day 

during which a narrower peak is observed correspond to the 
ones in which subjects have a horizontal posture (i.e. they are 
presumably at rest or asleep). The length and timestamps of 
the time interval varied between subjects, depending on their 
personal sleeping habits and on the hours at which they chose 
to go to bed. 
 

B. Environmental parameters 
 

The nine environmental parameters collected by the 
environmental sensors have been divided into day hours (from 
7 am to 7 pm) and night hours (from 7 pm to 7 am). The  
median values of the averages of each parameter during the 
day and during the night are represented in Table III. One out 
of the 18 subjects has been excluded from this analysis due to 
a temporary Wi-Fi connection failure. 
 

TABLE III 
MEDIAN VALUES AND INTERQUARTILE RANGES OF THE ENVIRONMENTAL 

PARAMETERS DIVIDED BY DAY HOURS AND NIGHT HOURS 

Parameter Measurement 
unit 

Day: 
Median 

value 
(IQR) 

Night: 
Median 

Value 
(IQR) 

p-value 
from 
RM 

ANOVA 
Temperature °C 20.9 

(1.8) 
20.8 
(1.6) 

n.s. 

Relative humidity % 48.7 
(8.3) 

50.9 
(6.7) 

p<0.001 

Pressure hPa 1004.4 
(10.7) 

1004.1 
(11.0) 

n.s. 

Carbon monoxide (CO) ppm 0.0 
(0.0) 

0.0 
(0.0) 

n.s. 

Carbon dioxide (CO2) ppm 860.8 
(228.3) 

994.8 
(402.4) 

p<0.001 

Volatile organic 
compounds (VOCs) 

ppb 47.6 
(62.7) 

55.9 
(47.2) 

n.s. 

Nitrogen dioxide (NO2) ppb 9.9 
(12.8) 

7.1 
(11.3) 

p=0.003 

Particulate matter 
(PM2.5) 

µg/m3 22.9 
(9.8) 

23.0 
(9.5) 

n.s. 

Ozone (O3) ppb 9.5 
(1.6) 

9.0 
(1.6) 

p<0.001 

 
The only value that results above a critical threshold is 

carbon dioxide (above 800 ppm [42]): this may be explained 
by the pollution of the city of Milan and by the cold weather in 
the autumn and winter season, leading to a reduced ventilation 
of the rooms. 

It can be observed that the concentration of carbon dioxide 
compounds was higher at night than at day: this can be 
explained by the fact that this component are present in the 
exhaled breath and during night hours people generally spend 
most of their time at home and without being able to open the 
windows while sleeping. On the other hand, the concentration 
of nitrogen dioxide and its precursor ozone [43] during day 
hours was lower than at night: these compound is mostly 
present in smog due to road traffic [44] and there is usually 
more traffic during the day than during the night. Finally, 
relative humidity is known to increase at night due to the 
outside drop in temperature. 
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C. Pulse oximetry (SpO2 and heart rate) 
The two parameters measured with the pulse oximeter and 

manually inserted by the users have been collected. The 
median values of the averages and the interquartile ranges of 
each parameter at the time of the first check in the morning 
and of the last in the evening are represented in two columns 
in Table IV. One out of the 18 subjects has been excluded 
from this analysis due to a temporary network malfunctioning.  
 

TABLE IV 
MEDIAN VALUES AND INTERQUARTILE RANGES OF THE PULSE OXIMETRY 

PARAMETERS 

Parameter Measurement 
unit 

Morning: 
 Median 

value 
 (IQR)  

Evening: 
Median 

value 
(IQR) 

p-value 
from 
RM 

ANOVA 
Blood oxygen 
saturation 

% 97.5 
 (1.0) 

97.0 
(1.2) 

n.s. 

Heart rate bpm 77.0 
(17.0) 

81.5 
(17.5) 

n.s. 

 
The mean of the samples collected by each subject during 

the test is 8.0 with a standard deviation equal to 2.2.  
 

D. Results of the questionnaires 
 

The subjects that have participated in the test have been 
asked to answer a System Usability Scale (SUS) questionnaire 
and the radar plot of the results is reported in Fig. 7: the actual 
results have been compared with the ideal results. 

Despite the general evaluation of the system from the users 
has been generally positive, there have been contrasting 
opinions on the following points: “I think that I would like to 
use the system frequently” (Question 1) and “I found the 
system unnecessarily complex” (Question 2). It is likely that 
most of the difficulties encountered during the autonomous 
use of the system were due to the requirement to insert pulse 
oximetry data manually in the app. Furthermore, as long as the 
likeability of the system is concerned, it is important to  
remember that only healthy subjects have been tested, 
therefore they have no benefit in using the presented system. 
 

 
Fig. 7.   Actual results of the System Usability Scale questionnaires 
submitted to the participants (in red) compared with the ideal results (in 
yellow). ‘Q’ indicates the respective question in the questionnaire [38]. 
 

V. DISCUSSION 
 

The presented telemonitoring system shows promising 
results because of its ability to combine respiratory parameters 
and activity recognition in a non-controlled environment and 
to acquire data continuously thanks to the 5G connectivity.  
The combination of respiratory parameters and activities 
shows that the system is sensitive to changes in the parameters 
in a way that is expected from what is known in the 
physiology. The spectral analysis results show that the 
frequency content of the respiratory signal presents differences 
between day and night: at night the subjects breath more 
regularly and at a lower frequency, while there is more 
variability in the frequency during day hours. This suggests 
the importance of a spectral analysis of continuous respiratory 
recordings in order to assess the inter-subject variability in 
circadian rhythms. 

Only a future trial on patients, however, can provide 
physiological results that are clinically significant and that can 
be effectively used for telemedicine purposes. The proposed 
telemedicine system could be applied in the case of chronic 
respiratory diseases, such as COPD or asthma, but also in 
cardiac diseases in which the respiratory rate is predictive of 
an adverse event, such as heart failure or cardiac arrest. It is 
also possible to test this solution to monitor at home the acute 
phase, the rehabilitation phase and the long-term clinical 
outcomes of previously unstudied respiratory diseases, such as 
the novel Covid-19. A feature that is needed for patient 
monitoring is the generation of alerts, but in order to 
determine what thresholds or trends constitute a critical event 
a pilot study is needed to gain relevant clinical data. A trial on 
patients would also allow to effectively study the relationships 
between dysfunctional or worsening breath and air quality. 

The possibility to monitor several patients continuously and 
simultaneously thanks to the 5G technology is expected to 
provide several benefits when used systematically [45]. The 
5G communication enhances the acquisition of data from 
several sensors in parallel and the opportunity to scale the 
solution to great cohorts of patients without losses in the 
performance when compared to previous technologies. In fact, 
one of 5G’s three technical pillars is the enabling of massive 
machine type communications (mMTC), which allows the 
connectivity of a huge number of devices (106 devices/km2) 
[46]. The device density increases tenfold with respect to 4G, 
which supports up to 105 devices/km2 [47]. Because of these 
characteristics, 5G networks will enable the parallel 
coexistence of several IoT applications, such as in the fields of 
healthcare, smart cities, and automotive, in contexts with a 
high population density. The implications are both in research 
and applied medicine, as a diffuse remote monitoring can be 
used for prevention and early diagnosis of worsening of 
chronic diseases. Also, telemonitoring with 5G technology can 
be applied in hospital wards to allow an increased number of 
connected devices in parallel [48]. 

Furthermore, there is room for improvement from the 
technical point of view. When the 5G Trial was approved by 
the Italian Ministry of Economic Development (MISE), the 
solution design required an iPad serving as gateway to a 5G 
router, because 5G cellular phones were not available at the 
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time. As of today, 5G cellular phones are on the market and 
they can be used to substitute the gateway and the 5G router, 
also allowing to perform measurements outside of the home 
environment. 

In the proposed solution, pulse oximetry data are inserted 
manually in the same application provided by the Airgo™ 
band developers. However, the possibility to perform 
continuous pulse oximetry has been previously studied in the 
literature [35] and it appears to be feasible in the foreseeable 
future. While a finger pulse oximeter might be uncomfortable 
for active patients to wear at home continuously, wrist pulse 
oximetry is a viable solution that allows to obtain a continuous 
data stream and at the same time not to interfere with the 
subject’s daily activities [49]. With the availability of 
continuous pulse oximetry data from patients, it will also be 
possible to perform an analysis of the variability of peripheral 
blood oxygen concentration. 

The influence of posture on chest wall motion has been 
intensively studied. It was previously studied that most of the 
chest wall volume change is distributed in the abdominal 
compartment both in the supine and prone positions [50][51]. 
Since Airgo™ can only detect movement of the abdominal rib 
cage, a future development is to include a postural correction 
coefficient in the calibration procedure to account for the tidal 
volume differences that are not due to the posture itself but to 
the spot where the signal is obtained. The calibration model 
itself requires a bigger dataset in order to obtain higher values 
of R2 and to become more tailored to the specific 
characteristics of the patients, for instance by introducing the 
variables of sex, age and other characteristics in the model. 

However, it is important to stress that there have been few 
attempts in the literature to calibrate volumetric signals from 
wearable sensors, despite the importance of having absolute 
measurements in liters to assess the health status of a subject. 
For this reason, the presented method, although improvable, 
represents an innovative feature in the field of respiratory 
monitoring with wearables. 

Finally, substituting a home environmental monitor with a 
novel wearable system would allow to track in real time the 
quality of the air that a person is breathing at the moment even 
when outside of the home environment. 

VI. CONCLUSION 
In this article, a home telemonitoring system designed for 

chronic respiratory patients using 5G connectivity was 
presented. The solution was tested on 18 healthy volunteers 
during non-supervised recordings lasting at least 48 hours. The 
combination of recognized activities and associated 
respiratory parameters provided statistically significant 
variations in breathing patterns between one activity and the 
other, thus giving more complete information to the clinicians 
than previously studied telemedicine systems based on spot-
checks. The environmental monitoring is able to provide 
information on sub-optimal parameters concentrations. Pulse 
oximetry measurements were spot-checks, therefore the 
continuous monitoring is proposed as a future development. 
Further technical improvements and the acquisition of clinical 
data are needed in order to assess whether the presented 
telemedicine system can be used in practice. 
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