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A PCA-based method to select the number and
the body location of piezoresistive sensors in a
wearable system for respiratory monitoring
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Abstract— This work aims at selecting the number and the body
location of piezoresistive sensors to instrument wearable systems
for respiratory rate (RR) estimation. We tested a novel method
based on Principal Component Analysis on 10 healthy male subjects, who were asked to perform six trials on a treadmill (at rest,
during walking and low speed running). We monitored RR using
both a smart garment composed of six piezoresistive sensors
and a flowmeter, used as reference signal. On the basis of the
results, we propose the following guidelines: i) breathing assessment at rest requires one sensor, placed on the lower thorax; ii)
low speed walking assessment requires three sensors, placed on
upper thorax, lower thorax and abdomen; iii) high speed walking
and running assessment requires a four-sensor configuration (one
sensor placed on the upper thorax, one on the lower thorax and
two on the abdomen); iv) an effective assessment can be performed
at all speeds using the above-mentioned four-sensor configuration,
denoted as General Purpose Configuration.
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I. I NTRODUCTION
ONTINUOUS monitoring of physiological activities
such as breathing, blood pressure, heart activities and
body temperature, has gained momentum in a variety of
applications [1].
Among others, the knowledge of respiratory rate (RR) may
be beneficial to assess the patients’ status since it is sensitive
to environmental and physiological stressors [2]. RR can be
monitored by different techniques that can be classified into
two main categories: contact-based techniques and contactless
ones [3]–[7]. In this arena, several wearable systems based on
the detection of the rib cage deformation have been developed
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[4]. There are different approaches to design this kind of
wearables (i.e. resistive [8], capacitive [9], inductive [10], fiber
optic [11]–[13] and humidity sensors [14]) and piezoresistive
sensing elements have gained increasing attention due to their
characteristics of comfortability, wearability, ease of use and
reduced costs [4], [15]–[18]. Indeed, the use of piezoresistive sensors enables the design of highly integrated flexible
systems, where the sensor structure fulfils the role both of
support material and sensitive element itself, differently to
classical strain gauges which can only measure the deformation applied on it [19]. Such characteristics allow obtaining
compact sensors that can be easily integrated, sewed or even
directly embedded, within clothes (e.g., elastic bands or tshirts) [4]. Another advantage of using piezoresistive sensors
to design wearable smart-textiles for monitoring RR is the
relative simplicity of the conditioning electronic needed to let
them properly work, even characterized by a very low power
consumption [20]. All the above-mentioned characteristics
make this technology an affordable solution for estimating the
RR in unstructured environments.
The main drawback of using piezoresistive sensors for RR
monitoring consists in their sensitivity also on breathingunrelated movements. In this regard, the problem of data clean-

2

ing has been widely studied so far. Indeed, when attempting
to continuously monitor RR during physical activities, e.g.,
walking or running, its correct assessment is hindered by the
presence of motion artifacts [21]–[23]. Filtering techniques
[21], [24]–[26] or processing methods based on Independent
Component Analysis have been proposed to reduce the presence of such artifacts [27], [28]. Nevertheless, recent studies
have demonstrated that the use of a band-pass filter from 0.05
Hz to 2 Hz allows to properly estimate RR [29], [30].
On the other hand, a little is known concerning the optimal
number of sensors to be employed and their appropriate body
location, both at rest and during physical activity [31]. In
order to fill such a gap, in this work we provide a systematic
approach to define the number of piezoresistive sensors and
their body location, which would allow implementing a robust
estimation of the RR at rest, during walking and running. Our
approach is based on Principal Component Analysis (PCA)
and we tested the results obtained estimating both average
and breath-by-breath RR.
The outcome of this study may help to develop optimized
instrumented wearable devices for RR monitoring and to
implement dedicated algorithms to continuously and reliably
monitor RR at rest and during physical activity.
II. S MART GARMENT
The proposed smart garment is composed of three elastic bands embedding two piezoresistive sensors each. The
bands are equipped with Velcro strips to adapt the system
to the subjects’ anthropometry. The bands allow allocating
the sensors avoiding both any contact with the users’ skin
and issues related to the presence of sweating. Each sensor
is obtained from an A4 sheet of silver-plated knitted fabric
(STATEX Shieldex® Technik-tex P130+B [32]), composed of
78 % Polyamide and 22 % Elastomer. They are cut in a
rectangular shape (L×W: 50 mm × 10 mm) and hand sewed
on the bands as represented in Fig. 1A.
The choice of six elements placed on three bands is threefold:
• to allow properly monitoring the movements of the rib
cage, which during the respiratory activity can be divided
into three main areas: i) pulmonary Rib Cage, ii) abdominal Rib Cage and iii) Abdomen [33];
• to increase the robustness of the system if one element
damages;
• to compare right side and left side of the torso during
walking/running characteristics.
Moreover, the use of a multi-sensor system could provide
information on which sensors are mostly used in a certain
physical activity (i.e., standing, walking and running), and it
will also give a clearer understanding of which part of the rib
cage is mostly involved in each activity.
The smart garment (composed of N = 6 sensors) allows
recording the respiratory signals associated to the strain provided by the cyclic expansion and contraction of the rib cage
to the elastic bands, on which the sensors are fixed. To retrieve
the respiratory signal a custom printed circuit board (PCB) has
been developed. It embeds Wheatstone bridges to transduce

the resistance variation (i.e., the output of the piezoresistive
sensors) into voltage variation, instrumentation amplifiers, an
Analog to Digital Converter (ADC), and a Bluetooth module
to transmit the converted data to a laptop running a custom
algorithm in MATLAB environment.
III. E XPERIMENTAL SETUP
We carried out a series of experiments employing the setup
presented in Fig. 1 B. It consists of:
• a treadmill (Walker-View by TecnoBody s.r.l), used to set
and maintain the desired walking and running speed of
the experimental trials for 60 s;
• a reference sensor (i.e., the flowmeter SpiroQuant P by
EnviteC, Honeywell [34])]). The breathing pattern was
recorded by measuring the airflow at the level of the
mouth using a mouthpiece. The flowmeter converts the
flowrate into a pressure drop which is measured by a
differential pressure sensor (163PC01D36 by Honeywell)
between two static taps. The reference respiratory data
were collected using a data acquisition board (DAQ NI
USB6002 by National Instrument) via a custom Virtual
Instrument in LabView environment;
• a smart garment, used to retrieve the respiratory information in the three compartmental areas, providing six
respiratory signals.
After the approval of the ethical committee, we enrolled ten
male healthy volunteers (Nsubjs = 10). Additional information
on the population is reported in the supplementary material.
Subjects were asked to wear the smart garment and the
mouthpiece, and to perform six different trials on the treadmill:
one trial at rest (standing in absence of movements, i.e., speed
equal to 0 km·h-1 ), four walking trials at 1.6 km·h-1 , 3.0
km·h-1 , 5.0 km·h-1 , 6.6 km·h-1 , and a low speed running trial
at 8.0 km·h-1 . All trials have been performed indoor, with the
room temperature controlled and set to 25◦ C.

A)

Smart Garment

B)

Flowmeter

1 2
3 4

Data Acquisition
Board
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Velcro Stripe

Piezoresistive
Sensors

Elastic Band
Fig. 1. A) Overview of the smart garment used. B) Schematic representation of the experimental setup.
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IV. P ROPOSED A LGORITHM FOR S ENSOR S ELECTION

5) to compute the weight of the i-th sensor (wi ) along the
p PCs as follows:
(
wi = PNzi z · 100 [%]
(2)
Ppi=1 i
zi = k=1 |ui,k |.

One of the most used technique to deal with dimensionality
reduction is the Principal Component Analysis (PCA). It
allows representing the observations recorded in a set of new
orthogonal variables, defined as Principal Components (PCs),
[35].
Let X be the M × N matrix of the centered recorded
observations, denoting M the number of samples and N the
number of sensors used, the PCs can be computed as follows:
P C = X U.

(1)

In (1), P C is a M × P matrix, denoting P the number of
PCs (which can be at most equal to N ), while U denotes
the N × P coefficient matrix which maps the contribution of
each observed sensor to the PCs [36]. Considering the PCs
sorted in a decreasing order in terms of variance explained of
the recorded observations, it is possible to select a subset of
PCs (i.e. p < P ) to explain a part of the total variance. This
is defined as accounted variance and typically expressed as a
percentage of the total one. The higher the accounted variance
desired, the higher the number of PCs needed [36].
Our method aims both at minimizing the number of piezoresistive sensors and optimizing their body location. Two subsequent sensor selection stages are performed:
•

•

In (2) the term |ui,k | denotes the absolute value of the
element of the matrix U related to the i-th sensor and
the k-th PC, i.e. the weight of the i-th sensor for the
k-th PC, according to (1);
6) to discard all those sensors whose wi is lower than 15 %;
7) to run a linear correlation between all sensor pairs; in
case of a Pearson’s correlation coefficient (ρ) higher than
0.8 the two sensors are marked as a highly correlated
pair [37];
8) to discard the redundant sensors; for each highly correlated pair, the sensor with the lowest weight on PCs is
marked as redundant and then discarded;
The flowchart of the proposed method is presented in Fig.

to retain the first p components needed to get an accounted variance equal to 95% and exclude the sensors
which have a representation in the selected components
below 15% (considered as noisy sensors with low influence on the explained variance; see Supplementary
Materials for the justification of these thresholds);
to remove from the remaining sensors all those which
provide redundant information. We considered as redundant sensors the pairs with a correlation above 80%; then,
for each pair we excluded the sensor with the lowest
weight in the selected PCs. We opted to use a threshold
of 80% since it refers to a high similarity between the
signals correlated [37].

The complete description of the proposed algorithm implemented for each subject and each speed, is the following:
1) to band-pass filter the input data from 0.05 Hz to 2 Hz;
this filter has been implemented in MATLABTM through
its embedded function ”filtfilt”. We selected 0.05 Hz
as low cut-off frequency in order to discard very slow
signal variations from the recorded data; conversely, we
selected 2 Hz as high cut-off frequency, since the activity
of interest for this application (i.e., breathing) is hardly
above 1.5 Hz, and we aimed to filter out components not
relevant for our application while avoiding to discard any
useful information recorded by the sensors [26];
2) to perform a centering operation, so that the mean of
each signal is equal to zero [35];
3) to run the PCA algorithm, implemented in MATLABTM
through its embedded function ”pca”;
4) to select p in order to get an accounted variance equal
to the 95%;

2.

Fig. 2. Flowchart of the proposed method for selecting non-redundant
piezoresistive sensors in breathing activity monitoring. The symbol X
denotes the input piezoresistive signals; X BP denotes the input data
band-pass filtered; P C represents the principal components estimated;
X sel denotes the selected piezoresistive signals, i.e. the output of the
method.

V. DATA A NALYSIS
The aim of the data analysis is two-fold: i) to optimize the
number of sensors and their body location at each speed and
ii) to assess the feasibility of the proposed selection method
for estimating RR. Moreover, we compared the results of the
proposed method with those obtained using the method proposed by Di Tocco et al. [26] (selection of four piezoresistive
sensors out of six by discarding the two sensors showing
the highest and the lowest amplitude of the power spectral
density, PSD). Besides indicating the optimal set of sensors
for each speed and each tested subject, we also assessed the
performance of a single configuration including the sensors
that in average have been mostly selected in all subjects and
in all trials. This further step allows validating the performance
of a general purpose smart garment, not optimized neither for
a single speed nor on a single subject, rather characterized by
a reduced set of sensors.
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Denoting SG the signals related to the smart garment (i.e.,
the specific sensor configuration), we adopted the following
notation:
sel
• Selected Sensors (SG ≡ X
): piezoresistive signals
processed through the proposed selection method, i.e., all
those sensors kept at the end of the two selection stages;
DT
• Method proposed by Di Tocco et al. (SG ≡ X
):
piezoresistive signals processed using the selection
method presented in [26] and used as reference for
comparing our new approach;
GP C
• General Purpose Configuration (SG ≡ X
): configuration of the smart garment composed of the four most
used sensors among all subjects and trials (see Section
VI-A)
A. Sensor Selection
The percentage use of the i-th sensor (with i =
{S1 , S2 , S3 , S4 , S5 , S6 }) at j-th trial speed (j = {0 km·h-1 ,
1.6 km·h-1 , 3.0 km·h-1 , 5.0 km·h-1 , 6.6 km·h-1 , 8.0 km·h-1 })
is defined as the sum of the number of uses ( j ζi,h ) of the i-th
sensor at j-th speed along all subjects:
Nsubjs
j

Ωi =

X

j

ζi,h ·

h=1

100
[%] .
Nsubjs

(3)

In addition, we also computed the mean number of the sensors
selected by the proposed method at each speed, averaged along
all subjects.
Finally, the average percentage use of the i-th sensor (Ωi )
is the average of j Ωi along the six trail speeds.
B. Performance Assessment
We assessed the performance in estimating RR, considering
both the RR averaged in the whole trial and considering
breath-by-breath. Specifically we compared both X sel and
X GP C with respect to X DT . In this regard, we used the
following further symbols:
• ϕ: reference flowmeter signal;
• l: number of piezoresistive sensors considered; l = 4
both for X DT [26] and X GP C , while concerning X sel ,
the actual value of l depends on the number of sensors
selected.
Despite the signal artifact due to breathing-unrelated movements can affect the signals recorded by the piezoresistive
sensors, it does not hinder a correct estimation of RR as
already shown in [29], [30]. Such studies showed that the
main body motion artifact is related to the torso rotation
during walking or running and it is characterized by a specific
contribution in the frequency domain (i.e., ∼1.5 Hz) clearly
separated from the one of the RR (i.e., typically lower than 1
Hz) [38].
1) Average RR Estimation: The frequency domain allowed
us to determine the performance in estimating the average RR
during each trial. Specifically, we compared the spectrum of
X sel , X DT and X GP C with the one of ϕ for each trial
speed. In this regard, we considered the frequency error (F̃hSG )
between the frequency corresponding to the maximal peak

found in the PSD of ϕ (Fhϕ ) and the frequency corresponding
to the maximal peak found in the average PSD of piezoresistive signals along the l sensors (FhSG ) on h-th subject:
F̃hSG = Fhϕ − FhSG [bpm].

(4)

In (4) the symbol ”bpm” refers to breath per minutes; the
average of F̃hSG along all subjects is denoted with F̃ SG ;
2) Breath-by-Breath Assessment: The time domain assessment allowed us to perform a breath-by-breath analysis.
Firstly, we calculated the breath duration TR [n] between two
consecutive inspiratory peaks both for ϕ and SG using custom
parameters in a peak finding function. Specifically, for each
signal we implemented the following steps [26]:
• to smooth the signal via the MATLAB’s embedded function ”smooth” with a moving window of 1 s;
• to identify the peaks using ”findpeaks”, a MATLAB’s
embedded function; to this aim, we computed the temporal threshold for the peak detection by inverting the
frequency corresponding to the maximal peak of the
signal PSD; conversely, we used the median value of the
whole signal in order to define the amplitude threshold;
• to compute TR [n], defined as the elapsed time between
two consecutive peaks.
This allows retrieving information regarding the RR variability
during each trial. Consequently, we estimated the RR for
each breath and for each subject (f [n]) by calculating TR60[n] ,
obtaining f SG [n] and f ϕ [n]. To compare the smart garment
with the reference flowmeter, we calculated the mean absolute
error (MAE) as follows:
M AE =

1

Nbreaths
X

Nbreaths

n=1

|f SG [n] − f ϕ [n]|,

(5)

denoting Nbreaths the total number of breaths for each trial.
To test the agreement with the reference system, we performed a Bland-Altman analysis between f SG [n] and f ϕ [n].
We calculated the mean of the differences (M OD) and the
limits of agreement (LOA) [39].
VI. R ESULTS
A. Sensor Selection
The percentage use of each sensor in each trial ( j Ωi ) is
reported in Fig. 3, in which each piezoresistive sensor is
represented by a circle with radius proportional to j Ωi itself.
Therefore, larger circles indicate piezoresistive sensors that
have been more frequently used along subjects during each
single trial. Concerning the quiet breathing at rest condition
(speed: 0 km·h-1 ), only S3 (right lower Thorax) resulted to
have a percentage use higher than 50%. Conversely, considering walking speeds from 1.6 km·h-1 to 5 km·h-1 , S1
(right upper Thorax), S3 (right lower Thorax) and S5 (right
Abdomen) were found to have a percentage use higher than
50%. Lastly, when the speed of the trial increased, thus at 6.6
km·h-1 and 8 km·h-1 , four sensors were used more than the
50% between subjects, i.e. S1, S3, S5 and S6 (left Abdomen).
Moreover, the right side resulted to be preferred with respect
the left one. Furthermore, according to Fig. 4, the number of
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Fig. 3. Percentage use of all sensors over trial speed ( Ωi , with i = {S1 , S2 , S3 , S4 , S5 , S6 }). Each sensor is represented as a circle whose
j
radius is proportional to the percentage use. Moreover, to improve readability, in the center of each circle it is reported the specific value of Ωi .
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an average percentage use higher than 50% (see Fig. 5);
a percentage use higher than 70% at least in one of the
six conditions (see Fig. 3).
Therefore, the most used sensors are S1, S3, S5 and S6,
and we named such a configuration as General Purpose
Configuration (see Fig. 5). Specifically, although S6 had an
average percentage use of 48%, its employment increases with
the increasing of the speed, going up to 80% for speeds above
6.6 km·h-1 (see Fig. 3); for this reason we opted to include it
within the General Purpose Configuration. Thus, for a general
purpose device required to assess RR from quiet breathing at
rest to low speed running it is necessary to include: one sensor
on the upper thorax, another one on the lower thorax and the
last twos on the abdomen.
•

Mean Sensors Used

6

0

1.6

3

5

-1

Speed [km h ]

6.6

8

Fig. 4. Number of sensors selected by the proposed algorithm, averaged along subjects. These represent the needed sensors to monitor
the RR over the speed.

B. Performance Assessment
1) Average RR Estimation: The results related to F̃ SG for

selected sensors increases as the speed of trial increases, except
for S3 that resulted with a percentage use always higher than
70% (see Fig. 3).
Therefore, for monitoring the quiet breathing activity at
rest, just one sensor is sufficient. Conversely, when it comes
to assess low speed walking, three sensors should be used.
Whereas, for high speed walking and running, there is the
need of four sensors, placing two of them on both sides of the
abdomen and the remaining twos on upper and lower thorax
respectively.
The percentage use of each sensor averaged along the trial
speeds (Ωi ) is presented in Fig. 5. We marked as most used
sensors the ones that met one of the following criteria:

each speed and considering X sel , X DT and X GP C are
reported in Table I. Specifically, the three methods allowed
TABLE I
F̃hSG AVERAGED ALONG ALL SUBJECTS , CONSIDERING SG AS X sel ,
X DT AND X GP C . A LL RESULTS ARE REPORTED OVER SPEED.
Speed [km · h−1 ]
0
1.6
3.0
5.0
6.6
8.0

F̃ X

sel

[bpm]

0.00
0.10
0.40
-3.60
0.10
0.10

F̃ X

DT

[bpm]

0.00
0.20
0.20
0.70
0.10
-6.20

F̃ X

GP C

0.00
0.10
0.40
-8.20
0.10
0.10

[bpm]

6

Overall Percentage Use

TABLE II
R ESULTS REPORTING VALUES OF M AE OVER SPEED FOR THE THREE
SENSOR CONFIGURATIONS .
M AE [bpm]

Right

Left

S. 1

62%

28%

S. 2

S. 3

83%

12%

S. 4

S. 5

65%

48%

S. 6

Speed [km · h−1 ]

X sel

X DT

X GP C

0.0
1.6
3.0
5.0
6.6
8.0

0.41
1.17
1.23
1.66
1.34
1.54

0.46
1.21
1.26
1.74
1.54
1.48

0.41
1.19
1.44
1.89
1.52
1.48

TABLE III
R ESULTS OF THE B LAND -A LTMAN A NALYSIS OVER SPEED FOR THE
THREE SENSOR CONFIGURATIONS .
Speed [km · h−1 ]
SG ≡ X

Fig. 5. Percentage use of each sensors averaged along speeds (Ωi ,
with i = {S1 , S2 , S3 , S4 , S5 , S6 }). The configuration composed of
S1, S3, S5 and S6 is denoted as General Purpose Configuration.

obtaining similar results in terms of F̃hSG in each trial:
sel
• considering X
, the estimation of RR was similar to
the one estimated using X DT in all trials but one (i.e. at
speed = 5.0 km·h-1 )
GP C
• the use of X
returned good results in terms of F̃hSG
if compared to the ones obtained considering X DT ;
-1
• the worst results were obtained at 5 km·h
in all processing approaches.
For the sake of the completeness, in supplementary material
we report the error in estimating the average RR between each
selected sensor and the reference flowmeter. We also reported
the average breathing rate considering all the volunteers at
different speeds.
2) Breath-by-Breath Assessment: The assessment of the
different processing methods in terms of M AE are reported
in Table II, while the results related to the Bland-Altman
analysis are reported in Table III. Moreover, the plots related
to the Bland-Altman analysis are reported in Supplementary
Materials.
Both the results related to M AE and the output of the
Bland-Altman analysis showed comparable results between the
three sensor configurations. Moreover, the worst results were
obtained at 5.0 km·h-1 as previously shown from the Average
RR Estimation analysis. This is due to the presence of two
outlier subjects for that particular speed, who anyway have
not been discarded from the analysis.
VII. D ISCUSSION AND C ONCLUSIONS
The present work aims at optimizing the design of wearable
systems for respiratory monitoring based on the detection of
chest wall movement. Specific attention has been devoted to
two crucial aspects on the design of these systems: i) to
define the optimal number of sensors and ii) to determine the
optimal body location of the sensors. This investigation seeks
to provide both guidelines and a general purpose configuration
for designing wearables to monitor RR at rest and at different

M OD [bpm] LOA [bpm]

Nbreaths

sel

0
1.6
3.0
5.0
6.6
8.0

9.00 · 10-3
0.03
0.01
0.28
-4.00 · 10-3
0.14

1.18
3.73
3.88
5.76
4.06
4.89

134
145
135
140
149
142

5.00 · 10-3
0.07
0.10
0.35
0.06
0.07

1.15
4.05
3.96
6.55
4.66
4.34

134
145
135
140
149
142

2.00 · 10-3
0.10
0.18
0.51
0.03
0.08

1.12
3.63
4.77
7.35
4.63
4.55

134
145
135
140
149
142

SG ≡ X DT
0
1.6
3.0
5.0
6.6
8.0
SG ≡ X GP C
0
1.6
3.0
5.0
6.6
8.0

walking/running speeds. We developed a novel approach for
sensory selection based on PCA (see Fig. 2) starting from
a custom wearable system equipped with six piezoresistive
sensors. We tested the system in ten healthy male volunteers
during physical activity performed on a treadmill.
According to previous studies on breathing mechanics
during exercise, the quiet breathing at rest mainly involves
the pulmonary rib cage. Conversely, with the increasing of
the exercise workload, also the abdominal rib cage and the
abdomen start increasing their movements [40]. Therefore, we
propose the following optimal configuration, in terms both of
number of sensors and their body location, depending on the
type of activity (Fig. 3 and Fig. 4): at rest just one sensor
is sufficient, placed on the lower thorax; during walking the
use of three sensors is recommended, placed on upper thorax,
lower thorax and abdomen; during running four sensors should
be used, i.e., one on the upper thorax, one on the lower thorax,
and two on the abdomen.
Another important finding is that sensors belonging to the
same band were found to be redundant with respect to each
other, only at rest and during walking at low speed; conversely,
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at higher speeds both the sensors placed on the abdomen
should be used. Indeed, only S5 and S6 (i.e., the sensors
placed on the abdomen) presented a higher percentage use
with the increasing of the trial speed (see Fig. 3). Concerning
the selection of more sensors belonging to the right side
than to the left one, we reckon that this finding might not
be due to any specific characteristic of the human breathing
biomechanics in healthy subjects [40]. Rather, it could be
likely caused by the specific setup that we prepared for this
study. Data clearly show that signals from sensors on the
pulmonary and abdominal Rib Cage are redundant in most of
the conditions, meaning that they are both providing relevant
information even though redundant. In these cases we excluded
the sensors with lower weight on principal components, but it
is likely that choosing the sensors from the other side would
not have affected the results too much. Future studies, will
aim to deepen this aspect in order to assess whether the use
of one side with respect the other changes the output of the
performance analyses.
We also focused on the definition of a general purpose
configuration, to assure a correct assessment of RR both at
rest and during walking/running. We proposed a 4-sensor
configuration which fulfils the two criteria defined in Section
VI-A: to select the sensors either with an average percentage
use higher than 50% or a percentage use higher than 70% at
least in one of the six conditions (see Fig. 3 and Fig. 5).
According to Tables I, II and III, the results, both related
to the average RR and the breath-by-breath analysis, were
promising and showed similar errors with the ones obtained
using a sensor selection method proposed in a previous study
[26]. The main advantage produced by our analysis is to obtain
similar results just relying on 1 sensor (at rest), 3 sensors
(during walking) or 4 sensors (during running) instead of the 6
sensors used in [26]. In addition, the definition of the General
Purpose Configuration provides a sub-optimal configuration
(four sensors) affordable in all the tested scenarios.
It is not easy to compare our results with other studies
reporting wearables based on piezoresistive sensors for RR
monitoring, since a breath-by-breath analysis for the system
under test was not performed or the tests were performed only
under one condition (at rest or at one walking speed) or a
reference system for monitoring the breathing activity was not
used. To the Authors’ knowledge, considering both X sel and
X GP C , the proposed method allowed us to obtain similar
results to previous works on the topic. Indeed, concerning
the average RR estimation (see Table I), we report values of
F̃ SG always below 0.4 bpm (except at 5.0 km·h-1 ), which
is in line with what can be found from similar studies [21],
[23], [41], [42]. On the other hand, considering the breathby-breath estimation, we report values of M OD and LOA
always smaller than 0.14 bpm and 4.63 bpm respectively (the
condition at 5.0 km·h-1 was not considered). Unfortunately,
except [26], we did not find any additional study that provided
systematic results on breath-by-breath estimation, similar to
the one that we implemented in this work.
Summing up, on the basis of the presented results, we
suggest the following guidelines:
• for monitoring RR at rest, we suggest to use one piezore-

sistive sensor placed on the lower thorax. The choice of
the side depends on the needs of the experimenter;
• for monitoring RR during low speed walking, we suggest
to use three piezoresistive sensors placed on upper thorax,
lower thorax and abdomen; again, the choice of the side
depends on the needs of the experimenter;
• for monitoring RR during high speed walking or running,
we suggest to place four piezoresistive sensors, placing
one on the upper thorax, one on the lower thorax and two
on both sides of the abdomen;
• for monitoring RR in a general purpose application,
we suggest to use the configuration denoted as General
Purpose Configuration composed of four piezoresistive
sensors (see Fig. 5); the main advantage of using this
solution is the reduced and fixed number of needed
sensors.
In future works, in order to assess the influence of further
influencing parameters on the system performance, we will
run new experimental sessions to investigate whether the
environmental temperature and the activity-related increase of
the body temperature might influence the sensor selection.
Moreover, we will further develop the smart garment to make
it waterproof for increasing the robustness of the system when
used in real life scenarios. Furthermore, we will also test
the influence of the sweat in order to make the system as
reliable as possible when used in unstructured environments.
Finally, we will also investigate the possibility to estimate the
respiration depth with the proposed system.
The influence of artifacts due to breathing unrelated movements is a crucial point when estimating the RR from rib cage
displacements. Considering the wearable device used in this
work, it has been already shown that the performance in RR
estimation is not significantly affected by torso movements
due to walking or low speed running [29], [30]. Moreover,
it is worth noting that also the heart pumping activity causes
rib cage deformations that are clearly detected by the smart
garment during the apnea phase (see supplementary materials
for further details). Nonetheless, its influence on the system
performance can be considered negligible since they cause signal fluctuations with amplitudes much smaller than the variations caused by breathing. Moreover, we will test the proposed
method during different sport activities and employing also
different kind of sensors in order to provide comprehensive
guidelines in selection the optimal body-location of the sensors
for such a purpose.
In conclusion, the proposed analysis may pave the way
to future investigations on other fields where the study of
the breathing biomechanics could provide useful information.
For instance, our techniques could be applied to patients
affected by hemiplegia (e.g., due to stroke) [43] or due to
lung lobectomy [44]. Indeed, in these patients the asymmetry
of breathing biomechanics between left and right side may
provide insights regarding respiratory function and how the
rehabilitation process is evolving.
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