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Abstract—Respiratory patterns are commonly measured
to monitor and diagnose cardiovascular, metabolic, and
sleep disorders. Electronic devices such as masks used
to record respiratory waveforms usually require medical
staff support and obstruct the patients’ breathing, caus-
ing discomfort. New techniques are being investigated to
overcome such limitations. An emerging approach involves
accelerometers to estimate the respiratory waveform based
on chest motion. However, most of the existing techniques
employ a single accelerometer placed on an arbitrary thorax
position. The present work investigates the use and optimal
placement of multiple accelerometers located on the thorax
and the abdomen. The study population is composed of 30
healthy volunteers in three different postures. By means of
a custom-made microcontrolled system, data are acquired
from an array of ten accelerometers located on predefined
positions and a pneumotachograph used as reference. The
best sensor locations are identified by optimal linear recon-
struction of the reference waveform from the accelerometer
data in the minimum mean square error sense. The anal-
ysis shows that right-hand side locations contribute more
often to optimal respiratory waveform estimates, a sound
finding given that the right lung has a larger volume than
the left lung. In addition, we show that the respiratory wave-
form can be blindly extracted from the recorded accelerom-
eter data by means of independent component analysis. In
conclusion, linear processing of multiple accelerometers in
optimal positions can successfully recover respiratory in-
formation in clinical settings, where the use of masks may
be contraindicated.
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I. INTRODUCTION

R ESPIRATORY waveforms assist the diagnosis of car-
diorespiratory conditions (such as pneumonia, congestive

heart failure, pulmonary embolus, and sleep apnea [1]), the
monitoring of patients, and the characterization of toxicological
and metabolic emergencies [2]. The post-surgical monitoring
of patients respiration allows, for instance, the identification of
heart attack imminence associated with a breathing rate above
27 breaths per minute [3].

A medical staff usually measures the respiratory rate by ob-
serving abdomen and rib cage movements. However, such a
technique is subjective, imprecise, and expensive because it in-
volves a professional dedicated to this task [1], [2], [4]. Alterna-
tively, electronic monitoring of respiratory waveforms typically
requires that the patient breathes through apparatuses such as
masks or nasal cannulas. Several clinical situations, however,
preclude the use of such obstructive devices as they may not be
tolerated by critically ill patients [4], [5]. Besides, these devices
may affect the respiratory activity and its pattern, biasing the
estimation of breathing parameters.

The use of new sensors such as accelerometers may overcome
the above limitations by estimating respiratory parameters with-
out obstructing normal breathing [1], [4]–[8]. The basic idea
behind this approach is to measure acceleration of thorax walls
caused by respiration. Proposed techniques based on accelerom-
eters differ in number of sensors, number of accelerometer axes,
acceleration range, used parts, and sensors placement [1], [5],
[6], [9]–[17]. However, current investigations do not charac-
terize important aspects related to the use of accelerometers,
such as their number and placement on the thorax. Our obser-
vations show that a given position may provide signals with
different quality (in terms of signal-to-noise ratio, SNR) for dif-
ferent subjects. Hence, it is very likely that different physical
characteristics and breathing patterns affect the measurements
obtained in different thorax positions; such factors may have a
significant impact on respiratory waveform estimation.

To address these limitations, the present work aims to in-
vestigate the accelerometer positions that provide sufficient

2168-2194 © 2018 IEEE. Translations and content mining are permitted for academic research only. Personal use is also permitted, but republication/redistribution
requires IEEE permission. See http://www.ieee.org/publications standards/publications/rights/index.html for more information.

https://orcid.org/0000-0002-8944-5625
https://orcid.org/0000-0003-2060-2829
https://orcid.org/0000-0002-6344-9636
https://orcid.org/0000-0001-9286-1163
mailto:ailton@iftm.edu.br
mailto:amanda.engbiomedica@gmail.com
mailto:amanda.engbiomedica@gmail.com
mailto:raimes@eel.ufsc.br
mailto:zarzoso@i3s.unice.fr
http://www.ieee.org/publications_standards/publications/rights/index.html


1508 IEEE JOURNAL OF BIOMEDICAL AND HEALTH INFORMATICS, VOL. 23, NO. 4, JULY 2019

Fig. 1. Block diagram and picture of the developed system, where (A) the microcontroller, (B) an accelerometer, and (C) the pneumotachograph
can be seen.

information for a good estimation of the breathing waveform
in a heterogeneous population. To this end, a custom-made mi-
crocontrolled system is developed to sample data from an array
of ten accelerometers placed on the thorax and abdomen as well
as from a pneumotachograph mask signal serving as reference.
The accelerometer signals are linearly combined to estimate the
reference signal by minimizing the mean square reconstruction
error. By analyzing all possible combinations of sensor subsets
in different subjects, the most frequent locations contributing to
optimal reconstructions are adopted as the best accelerometer
positions for estimating the respiratory waveform.

The final goal is to avoid obstructive devices in clinical set-
tings where their use may be contraindicated. In such scenarios,
no reference signal may be available. We show that the respi-
ratory waveform can be blindly estimated by independent com-
ponent analysis from four accelerometers placed on the optimal
positions found by our analysis.

II. METHODS

This section describes the device developed to sample the
airflow waveform and the accelerometers signals, the proce-
dure for data acquisition from volunteers, and the digital signal
processing techniques used to assess the data.

A. Developed Microcontrolled System

The developed device acquires signals from ten accelerome-
ters and an airflow waveform from a facial mask. Fig. 1 shows
a block diagram and a picture of the system.

The accelerometer used is the tri-axial ADXL345 (Analog
Devices). It is small (3 mm × 5 mm × 1 mm) with a high
sensitivity (3.9 × 10−3g in the least significant bit) which is
necessary to register the small displacements of the thorax due
to respiration. The ADXL345 contains conditioning circuits, an
analog to digital converter (ADC), and serial communication
interfaces (SPI and I2C) to receive configuration commands and
transmit the acquired data. In this work, the SPI bus is chosen in
order to achieve the desired sampling rate of 80 Hz from each tri-
axial accelerometer. The 10 accelerometers share a same SPI bus

clocked at 2 MHz; for that, the microcontroller uses additional
logic gates (chip select decoder) to address each accelerometer.

The airflow waveform used as reference is obtained by an ana-
log differential pressure transducer (DC030NDC4, Honeywell).
This sensor measures the pressure drop across a mechanical re-
sistance (pneumotachograph) that is proportional to the airflow.
The pneumotachograph is attached to a facial mask that covers
the nose and the mouth of the subject. The bandwidth of the
pressure signal is limited to 40 Hz [18] by a second-order But-
terworth low-pass filter. The filtered signal is converted to digital
by an ADC built in the microcontroller with 16-bit resolution.

The microcontroller used is the ARM Cortex M0+ contained
in the FRDM-KL25Z development board (NXP Semicon-
ductors). This microcontroller features all peripherals needed
for this application: USB, SPI, ADC, timers, and memories
(128 KiB flash; 16 KiB SRAM). The firmware, developed with
the MBED Studio Online IDE, controls the data acquisition
from the pressure sensor and 10 accelerometers. After each
sampling, the data of the 3-axis accelerometers and the pressure
transducer are transmitted to a host PC via the USB interface.

Software in the host computer (developed in C#, Microsoft
Windows) configures the data acquisition of each accelerometer
and defines their measurement ranges (2 g in this work). The
parameters specified in the application interface are sent to the
FRDM-KL25Z board via USB. The software also shows the
waveforms in real-time during the data acquisition and stores
the data into files for off-line analysis. The developed device
was calibrated and validated by a set of experiments previously
reported in [19].

B. Study Population and Data Acquisition

Data were acquired from subjects with no previous history of
cardiac or respiratory diseases. The volunteers were informed
about the aims and procedures of the investigation and pro-
vided written informed consent. The protocol was approved
by the Ethics Committee on Human Research of Federal Uni-
versity of Santa Catarina, Florianopolis, Brazil (CAAE no:
53092416.9.0000.0121).



SIQUEIRA et al.: RESPIRATORY WAVEFORM ESTIMATION FROM MULTIPLE ACCELEROMETERS 1509

TABLE I
SURVEY OF RESPIRATION MEASUREMENT TECHNIQUES BASED ON ACCELEROMETERS

(IN CHRONOLOGICAL ORDER). ICS: INTERCOSTAL SPACE; —: NOT INFORMED

Fig. 2. Accelerometer positions and picture of the experimental setup.

A survey was carried out to find out the measuring range, num-
ber and placement of accelerometers used in previous works. A
summary is given in Table I. To investigate the best locations for
the transducers that lead to good quality signals from different
subjects, the 10 accelerometers were placed in positions pointed
out by the survey. Fig. 2 shows the chosen positions. The ac-
celerometer array was disposed across a 3 × 3 grid with an extra
location on the xiphoid process (sensor 5). The accelerometers
1, 2, and 3 were placed on the middle of the chest using the
nipples as landmark. Accelerometers 4, 5, and 6 were on the
costal arch. Sensors 7, 8, and 9 were placed on the middle of
the abdomen, using the belly button as reference. The last sensor
(10) was also placed on the abdomen, at the same height of ac-
celerometers 4 and 6, below sensor 5. The volunteers also wore
a facial mask connected to the differential pressure transducer
that registered the airflow waveform used as reference.

Each subject participated in three recording sessions corre-
sponding to different postures: standing, sitting, and lying in
supine position. Throughout the acquisition protocol, subjects
were asked to breathe as they felt most comfortable (sponta-
neous breathing). Each session lasted 6 minutes, with a mini-
mum resting interval of 30 seconds between sessions.

C. Data Preprocessing

The sampled accelerometer data contain relative high fre-
quency noise as well as an offset due to gravity. The signals ac-
quired by the accelerometers are therefore filtered and detrended
to remove these components. A type-II Chebyshev lowpass filter
with 5-Hz cutoff frequency and 60-dB stopband attenuation is
first applied. The signals are forward and reverse filtered to avoid
phase distortions. Next, the offset and low frequency compo-

nents are removed by linear detrending of consecutive 30-s seg-
ments using standard Matlab functions. The same preprocessing
steps are applied on the airflow waveform to ensure an agree-
ment with the accelerometer data in terms of spectral density.

The resulting airflow signal after preprocessing is de-
noted b(n), with n = 0, 1, . . . , (N − 1) representing the sample
index, where N = 28800 samples in the 6-minute long recorded
data segment. The kth accelerometer, k = 1, 2, . . . , 10, provides
three signals ak,x(n), ak,y (n), ak,z (n), corresponding to the ac-
celeration measured along three orthogonal directions. At each
sample index, the accelerometer data can conveniently be stored
in a 30-dimensional vector

a(n) = [a1,x(n), a1,y (n), a1,z (n), . . . ,

a10,x(n), a10,y (n), a10,z (n)]T
(1)

where symbol (·)T denotes the matrix transpose operator.

D. Minimum Mean Square Error (MMSE) Estimation

The number of accelerometers and their best positions for
breathing waveform estimation are assessed by means of the
minimum mean square error (MMSE) approach as described in
this section. Modern digital signal processing techniques applied
to communications, speech recognition, robotics, automatic
control, and biomedical engineering usually comprise linear
parametric estimation [20], especially when multiple transduc-
ers are employed, giving rise to the so-called multiple-input
multiple-output (MIMO) systems [21], [22]. A classical exam-
ple where linear estimation proves useful is channel equaliza-
tion in digital communication systems, when the transmission
of training symbols can be used as reference signals by the
receiver.

Inspired by this approach, we assume in this work that the
breathing waveform can be derived from a noisy linear combi-
nation of accelerometer outputs, according to the signal model:

b(n − d) = cTa(n) + w(n) (2)

where vector c contains the linear combination coefficients and
w(n) represents the additive noise. Model (2) explicitly takes
into account the presence of a time delay of d samples between
the accelerometer and airflow waveforms. Indeed, the thorax
expansion, promptly registered by the accelerometers, causes
a negative pressure within the lungs that generates the airflow
detected by the pressure transducer; the opposite occurs during
expiration.
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Assuming a fixed value of d, the optimal linear combination
coefficients can be determined by maximizing the expected log-
likelihood of the observations. Under additive white Gaussian
noise, this approach leads to the MMSE estimator:

ĉMMSE(d) = arg min
c

E{[cTa(n) − b(n − d)]2}

where E{·} represents the mathematical expectation operator.
In practice, the mathematical expectation is replaced by time
averaging over the available samples, and the MMSE estimator
can be formulated as the least squares problem:

ĉMMSE(d) = arg min
c

‖Ac − bd‖2 (3)

where

A = [a(0),a(1), . . . ,a(N − 1)]T (4)

represents the accelerometer data matrix, with dimensions (N ×
30), and bd = [b(−d), b(1 − d), . . . , b(N − 1 − d)]T . Sym-
bol ‖ · ‖ denotes the classical Euclidean �2-norm. The solution
to problem (3) is well known (see, e.g., [20]) and is readily
given by

ĉMMSE(d) = (ATA)−1ATbd

and the MMSE can be expressed, up to an irrelevant scale factor,
as

ε(d) = ‖bd‖2 − bT
d A(ATA)−1ATbd . (5)

The optimum delay is estimated as the value of d yielding the
lowest MMSE:

d̂opt = arg min
d

ε(d).

To determine d̂opt , we perform an exhaustive grid search over
a ±5-s interval (±400 samples) around d = 0. According to
model (2), the final MMSE estimate of the airflow signal can be
obtained as

b̂(n − d̂opt) = cTa(n) (6)

with c = ĉMMSE(d̂opt). As a performance index, we compute
the normalized mean square error (NMSE), defined as:

NMSE =
E{[b̂(n) − b(n)]2}

E{b(n)2} (7)

which for the MMSE estimator can also be expressed as

NMSE =
ε(d̂opt)
‖b0‖2 . (8)

Finally, remark that to compute solution (3), the accelerome-
ter data matrixA is only required to be full column rank, which is
likely to occur in most experimental conditions where N � 30.

E. Optimal Sensor Number and Placement Analysis

To find the most suitable number of sensors and their best
locations, we adopt a combinatorial approach using different
subsets of K accelerometers placed as in Fig. 2, with K ranging
from 1 to 10. For a given combination of K accelerometers, the
breathing waveform is estimated by the above MMSE-based

procedure. To do so, one just needs to retain the 3K entries of
vector a in Equation (1) and columns of matrixA in Equation (4)
corresponding to the tri-axial sensor subset under analysis. The
resulting matrix A has dimensions (N × 3K). The NMSE can
be computed from Equations (5) and (8). All possible combina-
tions of K accelerometers can be considered in this manner.

For a given value of K, a total of
(10

K

)
= 10!

K !(10−K )! different
combinations are available. To detect whether the estimation er-
ror decreases significantly as more accelerometers are included,
NMSE distributions for two consecutive values of K can then be
compared by suitable statistical tests. After testing distribution
normality with Lilliefors test, a Student t-test is applied if the
data are Gaussian, a Mann-Whitney U-test otherwise. For each
K, the accelerometers contributing to the combination yielding
the minimum NMSE are noted for each subject. The accelerom-
eters appearing more frequently are considered to be indicative
of optimal sensor locations. A maximum value of K = 5 was
chosen in this analysis because such a value provides the high-
est number of combinations,

(10
5

)
= 252, for the available set

of accelerometers, and higher values of K naturally increase
the number of sensors in the optimal combination, and thus,
the chances of obtaining spurious locations. This optimal sen-
sor placement analysis is repeated for each breathing posture
(standing, sitting, lying).

F. Blind Extraction of the Respiratory Signal

The optimal sensor number and placement analysis described
above is based on a mask signal, which, as explained in the Intro-
duction, may be contraindicated for certain patients and would
actually make unnecessary the use of alternative sensors such as
accelerometers. To highlight the clinical interest of accelerome-
ters, the second main goal of the present work is to demonstrate
that respiratory information can be extracted from accelerom-
eter arrays blindly, i.e., without the use of additional devices,
obstructive or otherwise, providing reference information.

To this end, we make the assumption that the accelerometer
signals arise as unknown linear combinations of the desired
breathing signal and other sources of physiological activity and
artefacts. As a result of this hypothesis, the accelerometer output
vector (1) can be modeled as a blind source separation (BSS)
problem:

a(n) = Hs(n) (9)

where vector s(n) contains the source signals, including breath-
ing, artefacts and noise, and H stands for the unknown mixing
matrix, whose entries model the contribution of each source sig-
nal in vector s(n) to each observation in vector a(n). BSS aims
at the unsupervised estimation of the original waveforms s(n)
from their observed mixtures a(n). If mixing matrix H is full
column rank, the source signals can be obtained by estimating
its inverse H−1 , whose rows define how the observed signals
must be linearly combined to estimate the sources. Therefore, a
source signal can be recovered by applying a linear extractor w
onto the observed vector:

ŝ(n) = wTa(n) (10)
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symbol (·)T denoting the matrix transpose operator. To deter-
mine source extractors, BSS techniques maximize suitable con-
trast functions of the extractor output ŝ measuring a known
property of the sources. In many applications, the sources are
mutually independent and one can maximize related nongaus-
sianity indices such as kurtosis. This idea is the basis of inde-
pendent component analysis (ICA), the most popular tool for
BSS of independent components. A comprehensive account of
BSS and ICA, including biomedical applications, can be found
in the reference book [23]. In our particular problem, breathing
can be considered statistically independent of other sources of
physiological activity, artefacts and measurement noise. Thus,
ICA arises as a suitable approach for the blind extraction of
respiratory patterns according to BSS model (9).

In this work, the RobustICA algorithm [24] estimates the ex-
tracting vector from accelerometer signals by searching for the
global optima of the kurtosis contrast. Details of this algorithm
can be found in [24] and a Matlab implementation is available
in [25]. Since respiratory signals resemble sinusoidal waves,
characterized by negative kurtosis values, we configure Robus-
tICA to search for a subgaussian component. After convergence
of the algorithm, the obtained extracting vector can estimate the
respiratory waveform according to Equation (10), without the
need for a facial mask or any other reference signal.

For the quantitative assessment of the recovered respiratory
waveform, its NMSE relative to the gold standard (facial mask
waveform) is computed after correcting for the amplitude and
phase ambiguities inherent to blind techniques. To do so, the
extracted subgaussian independent component is first scaled by
factor

α =

√
E{b2}
E{b̂2}

to obtain the same power level as the mask airflow reference. To
find out the time delay between the two signals, the maximum
absolute cross-correlation is sought by an exhaustive grid search
within a ±500 samples window. The estimated component is
inverted if the cross-correlation at the computed time delay is
negative. Once the independent component is corrected, the
NMSE can finally be computed as in Equation (7).

III. RESULTS

A. Study Population

Thirty male healthy subjects participated in the study. Table II
presents the participants’ anthropometric data.

B. Optimal Sensor Number and Placement

Fig. 3 shows the NMSE box plot for all possible combinations
of accelerometer subsets over all subjects. A decreasing median
and variability of the error can be clearly observed when more
accelerometers are used in the estimation. This outcome is ob-
tained for the three postures. The p-values between NMSE dis-
tributions for consecutive values of K are shown for the last three
comparisons (K = 7 vs. K = 8, K = 8 vs. K = 9 and K = 9

TABLE II
ANTHROPOMETRIC CHARACTERISTICS OF THE STUDY POPULATION

vs. K = 10). For the sake of clarity, the remaining comparisons
are omitted as they present very small p-values in all cases.

The NMSE trends in Fig. 3 show that the error does not de-
crease significantly when the number of sensors is increased
above eight. Besides, a proper choice of sensor placement may
allow the acquisition of signals using smaller arrays, simplify-
ing the hardware. To check this hypothesis, sensor combina-
tions achieving the best estimates are identified as explained in
Section II-E. Table III gives an example of the optimal sensor
placement results for two different subjects in the sitting posture.
The first column identifies the volunteer; the second one shows
the number of accelerometers in the subset, and the remain-
ing columns inform whether the corresponding accelerometer
is used (value 1) or not (value 0) to achieve the best linear es-
timate of the mask reference signal for that particular subject.
The bottom row counts the number of times that a given position
contributed to optimal estimates.

By repeating this procedure for all subjects, the occurrences
of each accelerometer position can be summarized as in Fig. 4.
At each accelerometer position, a circle is drawn with radius
proportional to the overall incidence of that position in the
sensor combination achieving the best respiratory waveform
estimate across volunteers. Accordingly, larger circles indicate
accelerometers appearing more frequently in subsets yielding
the best estimates. Fig. 4 shows that accelerometers 4, 5, and
7 appear more often in the best estimates. Accelerometers 2,
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Fig. 3. Performance variation of the MMSE estimator with the number of accelerometers used to reconstruct the breathing waveform.

TABLE III
ILLUSTRATIVE EXAMPLE OF OPTIMAL SENSOR ASSESSMENT FOR TWO

DIFFERENT SUBJECTS IN THE SITTING POSTURE.
K : NUMBER OF ACCELEROMETERS

6, 8, 9, and 10 occur less often, indicating that they seem to
contribute less significantly to optimal sensor combinations.

One can also remark that the accelerometers placed on the
right-hand side contribute more frequently than those on the
left-hand side. To quantify this observation, the difference in
reconstructed NMSE between the accelerometers placed on the
left (positions 3, 6, and 9) and on the right (positions 1, 4, and
7) is assessed by appropriate statistical tests. Fig. 5 shows that
right-hand side accelerometers yield indeed significantly lower
NMSE values than those located on the left-hand side for the
three postures. The p-values are obtained by Student t-tests after
confirming data normality.

C. Blind Extraction of Respiratory Signal

After identifying the positions containing more information,
breathing waveforms recovered by RobustICA (Section II-F)
and MMSE are compared to the reference ones (pneumotaco-
graph). For each posture, the comparisons are carried out using
waveforms obtained from two different sets of accelerometers as
shown in Table IV. These two sets of accelerometers correspond
to the best 4 and the best 8 positions in Fig. 4.

Fig. 6 shows an example of these estimations and Fig. 7 com-
pares the NMSE for the two estimators (RobustICA and MMSE)
and two sets of sensors. All waveforms are scaled and synchro-
nized (as already described) before computing the NMSE. There
are some outliers that will be addressed on the discussion sec-
tion. For all postures and both estimators, statistical tests show
no differences between the NMSE obtained from the two sets (p-
values are presented above the corresponding box plots). Fig. 7
shows that the NMSE is higher for the RobustICA than for
MMSE, as expected, but they present the same order of magni-
tude. Fig. 7 also shows that a set of 4 accelerometers allows the
recovery of a breathing waveform similar to that obtained from a
set of 8 sensors (no statistical difference). RobustICA succeeded
in finding good breathing waveform estimates in the first inde-
pendent component extracted from a set of 4 accelerometers.

IV. DISCUSSION

The present work shows that respiratory information can be
recovered by using multiple tri-axial accelerometers located on
the subject’s thorax and abdomen. The developed hardware sys-
tem allows us to assess the use of multiple (up to ten) sensors to
estimate the breathing waveform. In contrast to previous works
requiring nonlinear processing, respiratory information can be
obtained by linearly combining the acquired accelerometer sig-
nals as in Equation (6). Some salient results are discussed next.

A. Interest of Multiple Accelerometers

A combinatorial analysis is employed to investigate the
effects of the number of accelerometers as well as their optimal
placement on the thorax and abdomen. As the number of ac-
celerometers increases, the reference mask signal can be approx-
imated with increasing accuracy in the NMSE sense (Fig. 3).
Therefore, multiple spatially separated sensors can be used
to acquire signals with improved SNR. In contrast, previous
works did not use more than two accelerometers to estimate the
respiratory waveform (Table I). Estimation quality is enhanced
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Fig. 4. Percentage of occurrences of each accelerometer in the combinations with the lowest NMSE. Accelerometer numbers correspond to the
positions shown in Fig. 2.

Fig. 5. Airflow signal reconstruction error from accelerometers located on the left and on the right side of the body.

TABLE IV
SETS OF 4 AND 8 ACCELEROMETERS USED TO COMPARE THE WAVEFORMS

OBTAINED BY ROBUSTICA AND MMSE IN Fig. 7. THESE SETS
CORRESPOND TO THE OPTIMAL POSITIONS SHOWN IN Fig. 4

in a statistically significant manner as the number of accelerom-
eter increases up to eight, whereas a larger number of sensors
does not seem to provide substantial improvements (Fig. 3).

B. Optimal Sensor Placement, Right vs. Left Side

Respiratory waveform estimation performance also depends
on sensor placement. In the three breathing postures under test,
accelerometers placed on the right-hand side contribute more
often to the optimal MMSE estimate among all possible sensor
combinations. This previously unnoticed outcome is consistent
with anatomy, since the lungs are asymmetric: the right lung
has a larger volume than the left one [26]. Differences between
the left and right side were also reported in previous chest

Fig. 6. Example of a reference mask signal and the obtained MMSE
and RobustICA estimates using four accelerometers (top), together with
the respective error signals (MMSE residual, middle; RobustICA residual,
bottom).

wall motion studies [27]. Hence, it is sensible to infer that
the right lung walls experience larger displacements during
respiration, and therefore produce more pronounced effects
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Fig. 7. Airflow signal estimation results by supervised (MMSE - M) and unsupervised (RobustICA - R) methods for the three breathing postures.
Estimations are obtained from the optimal sets of 4 or 8 accelerometers (in parentheses), which are detailed in Table IV.

on the accelerometer outputs. These outputs, in turn, present
stronger correlations with the airflow signal and contribute
more easily to the optimal linear estimate.

We could also observe that a proper choice of ac-
celerometer positions influences the quality of the estimation.
Section III-B stated that performance improves using up to eight
accelerometers when considering all possible combinations of
the ten sensor positions under study. According to further anal-
ysis (Section III-C), the optimal positions (Fig. 4) lead to a
breathing waveform estimation using 4 sensors with no signifi-
cant difference from that obtained using 8 sensors (Fig. 7).

Most authors placed the accelerometers on the middle and left
side (Table I). It is likely that they would get better results placing
the sensors on the right side. Our results indicate that positions
4 and 7 (Fig. 4) should be employed to estimate respiratory
waveforms in the three postures considered in this work. In
addition, the sensor placed on the xiphoid process (position 5)
also stands out.

C. Blind Processing

In most of our experiments, the respiratory waveform was
successfully blindly recovered by the RobustICA algorithm us-
ing four or eight accelerometers in the positions determined by
our optimal location analysis (Figs. 6–7). The respiratory signal
is consistently found in the first extracted independent com-
ponent when the algorithm is configured to target subgaussian
sources. This positive result further supports the pertinence of
linear model (2) and linear estimate (6) assumed in our analysis
and demonstrates the applicability of the proposed approach in
clinical settings where the use of obstructing devices may be
contraindicated.

This part of the study did not mean to show the superiority
of RobustICA over alternative ICA or source separation meth-
ods, but simply the suitability of ICA as a blind estimator of
respiration from accelerometer data. This general purpose in-
dependent source extraction technique was selected for its sat-
isfactory performance on biomedical data reported in previous
works (e.g. [24]), and further improvements may be obtained by
specific adaptations to the problem under study. In particular,

RobustICA failed in cases where the recorded SNR was rather
low, probably due to poor accelerometer contact. Accordingly,
the impact of outliers could be reduced by paying more attention
to sensor contact or designing novel blind extraction techniques
capable of handling noisy records in this application.

This part of the work was intended as a proof of concept that
respiratory waveforms can be blindly recovered from the sensor
array output, supporting the clinical interest of accelerometers
for breathing parameter estimation. Blind processing was lim-
ited to the four and eight optimal sensor locations in each body
posture because our goal was simply to demonstrate that breath-
ing information can be extracted without mask reference from
accelerometer arrays, even with simplified hardware composed
of a reduced number of sensors. A more detailed analysis of
the influence of accelerometer array size on blind extraction
performance is left for further investigations.

D. Study Limitations

Only healthy subjects are considered in our study. Respi-
ratory pathologies that could lead to different results shall be
addressed by further research. The potential influence of breasts
on respiratory estimation from chest accelerometers has been
avoided by limiting the analysis to a male population, and should
be considered in further studies by including female subjects.
The proposed approach has not been compared with existing
techniques because emphasis has been laid on the analysis of
optimal sensor number and placement rather than on the com-
parative performance of different methods. Also, the protocol
based on sensor locations constrained to a predefined grid pre-
cludes the comparison with alternative techniques relying on
other accelerometer positions, as the developed hardware can
not support additional sensors.

V. CONCLUSION

The present work has shown that respiratory information
in different breathing postures can be estimated by multiple
tri-axial accelerometers located on the subject’s thorax and
abdomen. To our knowledge, this is the first study addressing
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the question of the optimal number and placement of sensors
through a systematic analysis. The developed custom-made
hardware can record and analyze signals from up to ten ac-
celerometers and a reference airflow waveform. As opposed to
previous approaches based on some sort of nonlinear processing
or transformation, respiratory information can be estimated by
linearly combining the recorded accelerometer outputs. As the
number of accelerometers increases, the reference airflow signal
can be approximated with increasing accuracy, thus demonstrat-
ing the interest of using multiple spatially separated sensors. In
the combinatorial MMSE analysis, the right costal arch appears
as the best location for accelerometer placement, in coherence
with the larger volume of the right lung. Respiratory information
can also be recovered blindly, i.e., without the use of a mask
reference signal, by means of source separation techniques
such as RobustICA, which demonstrates the usefulness of this
approach in clinical environments where obstructive devices
may not be recommended. These results open interesting new
perspectives for the use of accelerometers to estimate respira-
tory information in widespread clinical practice and body sensor
networks.

Further work should consider databases including female
subjects and respiratory pathologies, and compare the proposed
approach with alternative techniques for respiratory signal
estimation.
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