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Abstract—Wearable sensing has enabled physiological
monitoring in everyday life. Clinically, cardiovascular and
respiratory monitoring commonly requires separate devices.
However, for feasibility in wearable systems, they are inte-
grated into a single device. Since seismocardiography (SCG)
records the motion of the chest wall, it has the potential to
monitor both vital signs. The primary application of SCG is
cardiovascular monitoring. As a result, its ability to detect
respiration has been less defined. This study characterizes
how SCG is affected by respiration and consequently, how
respiratory metrics can be derived from these effects. The
sternal motion of 40 subjects was recorded using an inertial
measurement unit with a spirometer for reference. Three
scenarios were examined with the subject at rest, holding their breath at peak inhalation, and holding their breath when
exhaled. Three main aspects of respiratory modulation were explored: amplitude modulation, frequency modulation, and
baseline wandering. The SCG amplitude was observed to be dependent on respiratory volume whereas baseline and
frequency modulation were dependent on inhalation phase. All three effects were employed separately in the calculation
of respiratory rate. Estimations from baseline wandering, amplitude modulation, and heart rate modulation produced
r-squared values of 0.71, 0.44, and 0.66, respectively. The accuracy of tidal volume measurement was limited by a high
inter-subject variability. Estimation of the respiratory waveform produced an average r-squared of 0.76 using multivariate
linear regression. This demonstrates the potential of SCG as a tool for respiratory monitoring within an integrated, non-
invasive cardiorespiratory monitoring system from a single point of contact.

Index Terms— Seismocardiography, gyrocardiography, respiration, accelerometers, wearable devices, cardiovascular
monitoring.

I. INTRODUCTION

GLOBAL health is threatened by the impact of non-
communicable diseases. Their increasing significance

has been attributed to unhealthy lifestyles, environment, and
an aging population [1]. The most prevalent are cardiovascular
and respiratory diseases, which together account for more than
40% of global mortality [2]. The burden of such widespread
issues falls on every individual. It implicates national govern-
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ments and the world economy. This burden is especially severe
in low- and middle-income countries [3], [4]. Fortunately,
these diseases are preventable by simply avoiding risk factors
and maintaining a healthy lifestyle. In the clinic, they are
mitigated by monitoring cardiac and respiratory health to
detect early symptoms and warning signs [5], [6].

Recently, physiological monitoring has expanded to wear-
able and non-contact solutions to benefit scenarios outside of
the clinic [7]. Sensor-driven approaches promote the value
of integrating smart devices into daily life. These portable
options are intended to make physiological monitoring more
accessible so that people can make informed decisions without
needing as many visits to the clinic [8]. This would provide
long-term monitoring solutions [9] that expand health coverage
to remote locations [10], support low-income individuals [11],
and increase health and wellness awareness [12].

The medical standard of non-invasive cardiac monitoring
is electrocardiography (ECG), which measures the electrical
activity of the heart [13]. Photoplethysmography (PPG) has
become a popular and affordable alternative that has been
integrated with consumer electronics for fitness and health
monitoring. The difficulty with PPG is that it is sensitive to
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ambient light and motion artifact [14]. Other technologies such
as echocardiography [15], magnetic resonance imaging [16],
or high-speed cameras [17], require technical knowledge and
are not portable. Seismocardiography (SCG) is a portable and
unobstructive method of recording cardiac vibrations on the
surface of the chest from a miniaturized accelerometer [18].
It has recently emerged as a strong candidate for cardiac
monitoring [19], [20] due to its small form factor and single
point of contact with the body [21]. During each heartbeat,
vibrations are generated by the movement of the valves and
contraction of the heart. Fiducial points in the SCG waveform
have been known to accurately correlate with key cardiac time
intervals such as the opening and closing of the aortic and
mitral valves [22], [23].

In respiratory monitoring, there is no de-facto gold standard
with the same ubiquity as ECG for cardiography. Common
designs employ either airflow monitoring, chest movement,
or indirect techniques. The most accurate method is to use a
spirometer to measure air volume. However, this requires the
subject to breathe continuously into a tube, which can cause
discomfort, and restricts movement during measurement [24],
[25]. Therefore, the equipment is not feasible in a wearable
monitoring scenario which requires continuous recordings
throughout daily life.

A portable, wearable method is respiration inductance
plethysmography (RIP), where two bands are wrapped around
the torso to monitor expansion. When fitted and calibrated
properly, it can provide a highly accurate representation of
respiration rate and volume [26]. However, the volumetric
measurements are sensitive to changes in posture and position
[27] and are infeasible for everyday use.

The fact that both cardiac and respiratory monitoring have
been developed separately has led to the need for multiple
devices, given that both must be recorded simultaneously.
Respiration-specific devices generally have no information
regarding cardiac activity. This makes monitoring difficult as
cardiac and respiratory functions are inherently coupled, there-
fore implying that both functions often need to be monitored
continuously.

One solution to this issue is to derive respiratory activity
from cardiac monitors such as ECG or PPG. ECG-derived
respiration (EDR) has been shown to reliably extract respi-
ration rate without the need for a second respiration-specific
device [28], [29]. EDR works on the principle that respiration
modulates the impedance in the chest and movement of
the electrodes, which influences the ECG morphology [30].
Similarly, PPG morphology is modulated by several factors
including changes in blood volume and heart rate [29].

SCG also offers a potential solution to integrate both sys-
tems into a single device [31]. The benefit of using an inertial
measurement unit (IMU) is that it would detect motion related
to respiratory activity along with cardio-mechanical activity.
Accelerometers can monitor respiration via chest motion using
the same principles as RIP [32]. Recent studies have used
this motion to monitor respiration with cameras [33], radar
[34], ultrasound [35], and wearable strain sensors [36]. Other
than using high speed video cameras, most of these methods
do not have the granularity needed to record cardiac activity,

especially cardiac vibrations. SCG is one of the few tools
capable of monitoring both cardiac and respiratory activity
at the same time.

The main issue with recording both cardiovascular and
respiratory signals from a single sensor is the difficulty of
separating the two domains. Since the body is constantly
breathing and pumping blood, the two signals are coupled to
each other. Respiration modulates the amplitudes and rhythm
of cardiac vibrations, similar to the respiratory modulation of
ECG and PPG[37]. Several studies have attempted to extract
this activity using grouping [38], amplitude change by lung
volume [39], breathing estimation from SCG envelopes [40],
or machine learning [41]–[44]. However, most studies provide
few output parameters [45], employ a limited number of
subjects [46], or record respiration from locations unsuitable
for SCG [47], [48].

SCG is known as a simple, versatile cardiac monitoring
system that can be easily reproduced in a lab environment.
However, a better understanding of the respiratory interactions
is needed for the technology to become an integrated solution
with the same potential as EDR. Therefore, the goal of this
study was to statistically analyze the modulation effect that
respiration has on a SCG signal. This work characterizes the
potential of using SCG as a tool to monitor respiration without
any additional hardware. Hence, the sensor system was set
up with the intention of recording cardiac vibrations [49].
From this set-up, vibrations were analyzed to determine their
modulation due to respiration in terms of amplitude, frequency,
and baseline. It expands upon a preliminary version of the
baseline modulation which was reported in [50].

From each of these modulation methods, we quantify how
they can be interpreted in terms of respiration. The three main
evaluation metrics are respiration rate (RR), tidal volume (TV),
and respiratory phase (RP). Although RP is not a common
respiration metric, it is a useful comparison tool as it verifies
how closely the accelerometer signals are aligned with the
reference values. The respiratory waveform is then estimated
using linear regression. Using these metrics, we evaluate and
discuss the effectiveness of using an existing cardiac activity
monitoring system for respiratory activity monitoring.

II. METHODS

A. Data Acquisition
Data was acquired using a custom-built system which

was assembled from commercial, off-the-shelf parts. This
enabled a simplified set up that could easily be replicated
in other laboratories, demonstrating the accessibility of SCG.
Cardiac vibrations were recorded with a single IMU which
used an integrated accelerometer and gyroscope (MPU9250,
Invensense). The IMU data was polled via an I2C protocol by
a Raspberry Pi (Pi-Zero W, Raspberry Pi) at a sampling rate
of approximately 600 Hz. The accelerometer and gyroscope
were set to a range of ±2 g and ±250 deg/sec, respectively.
IMU data was saved to a text file on the Raspberry Pi during
recording and was then transmitted wirelessly over Wi-Fi to a
laptop computer. Additionally, a Biopac digital acquisition sys-
tem (MP160, Biopac) was used to obtain reference ECG (BN-
RSPEC, Biopac) and pneumotachograph (TSD137H, Biopac)
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Fig. 1. System schematic showing IMU (Red), ECG (Blue), and
spirometer (Green) sensor locations on the body with the corresponding
system connections to the Raspberry Pi (Rpi) and BIOPAC systems.

signals. An externally wired clock signal was sent from the
Biopac to the Raspberry Pi to create a global timing reference
between the two systems. Data was sent serially from the
Biopac system to a second computer. Fig. 1 shows a schematic
of the system. Data was combined, synchronized, and analyzed
in MATLAB.

The study was conducted on 40 (19 female) healthy par-
ticipants, with (mean ± standard deviation) age: 24.4 ± 4.6
years, weight: 69.0 ± 13.3 kgs, and height 171.8 ± 10.9 cm.
The subjects were tested at McGill University. All subjects
had no known prior or existing cardiovascular or respiratory
conditions. Study procedures were approved by the McGill
Review Ethics Board and consented by the subjects prior to
the study. Before testing each subject, the spirometer was
calibrated to a 3L reference syringe (AFT27, Biopac). As the
de-facto position of SCG recording [19], the IMU was attached
to the xiphoid process of the sternum with a piece of double-
sided tape. The IMU was placed with the X, Y, and Z axes
oriented in the longitudinal, horizontal, and dorsoventral axes
of the body, respectively. ECG electrodes were placed on the
torso as seen in Fig. 1. The study consisted of seven tests as
shown in Table I. For the first test, the subject was stationary
in a supine position on a massage table. A spirometer with a
disposable mouthpiece filter was positioned above the subject’s
mouth. The subjects were asked to keep a tight seal around
the spirometer and breathe normally through only their mouth.
No other criteria were set on the rate or depth of their breath-
ing. SCG, spirometer, and ECG were recorded for 3 minutes
while the subject was at rest. For the next test, the subject was
asked to hold their breath. Our previous work has shown that
breath holding was an effective way to isolate the effects of
lung volume on the SCG waveform [39]. The spirometer was
not used during this test to maximize the subject’s comfort and
length of breath holding. The subject was asked to inhale fully
and hold their breath to a maximum duration of two minutes,
or for as long as possible. After a small period of rest, the
test was repeated twice. Then, the subject was asked to exhale
completely and to hold their breath for as long as possible,
or to a maximum of one minute. Again, after some rest, this
was repeated twice.

B. Processing
Three forms of modulation were extracted from the signal.

Generally, this is represented by equation 1 which shows

TABLE I
SUMMARY OF SUBTESTS

Fig. 2. An example recording during regular breathing of (a) SCG and
(b) Respiratory reference volume.

the modulation of a general function of time, f (t), where
a represents amplitude modulation, b represents frequency
modulation, and c represents baseline wandering (BW).

y (t) = a · f (b · t) + c (1)

First, timing and amplitudes of two key fiducial points were
annotated from the SCG signal. Second, these points were
used to obtain the modulation in amplitude and frequency.
In the cardiac system, frequency modulation was found to be
manifested by modulation in heart rate. Finally, the baseline
modulation of the SCG waveform was extracted.

1) Peak Amplitude Modulation: Amplitude modulations chal-
lenge autonomous annotation schemes due to the need for
variable thresholding on a per breath cycle. One factor of
modulation in SCG amplitude was the amount of air in the
lungs [39]. When analyzing SCG, it has been demonstrated
that grouping beats based on lung volume resulted in higher
similarity [38]. This implies that respiratory information can
be extracted from the amplitudes of SCG peaks. Other work
showed that the upper and lower amplitude envelopes can
be used to detect respiratory phases [40]. The amplitude
modulation can be seen in Fig. 2 where SCG amplitude is
periodic with the corresponding reference volume over several
breath cycles. The largest oscillation amplitudes in the SCG
waveform were attributed to the aortic opening (AO) and the
isotonic contraction (IC), which can be seen in the single beat
shown in Fig. 3. These two fiducial markers were analyzed
for their relationship with respiration.

ECG was annotated using the Biopac AcqKnowledge soft-
ware to get R-peak timings. The recordings were segmented
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Fig. 3. A single beat shown with (a) reference ECG and highlighted
R-Peak, and the (b) SCG annotation process. Filtered SCG is shown in
black, VarWin and resulting AO point shown in blue, VarWin and resulting
IC point shown in red.

into heartbeats with 0.2 seconds prior to the R-peak was
used to approximate the start of the cardiac cycle. SCG
signals were filtered by a 3rd order Butterworth bandpass filter
with cut-off frequencies at 2 and 100 Hz to remove high
frequency IMU noise and low frequency baseline oscillations.
Features were amplified by a custom-built function which
amplifies variations in a window, called VarWin [31]. For each
data point, the largest oscillation (difference between local
maximum and local minimum) within a window around the
point was calculated using this function. Two instances were
used to annotate the AO and IC points. A window after the
evaluated timestamp was considered in the first instance. This
minimized the interference of the rapid ejection (RE) point.
The largest swing in amplitude occurred between the AO and
IC points, which resulted in a local maximum occurring at the
timestamp of the AO point. Only those AO points that occurred
within 20 milliseconds following the R-peak were considered.
An example of a processed beat is shown in Fig. 3. The
second VarWin instance employed the same transfer function
on negative Z-axis acceleration with a window centered on
the evaluated timestamp. The minimum point of this signal
occurring within approximately 50 milliseconds following the
R-peak was selected as the IC.

2) Heart Rate Modulation: One of the most well-known
aspects of cardio-respiratory coupling is the modulation of
heart rate by breathing, which also applies to SCG. This is
carried out by the autonomous nervous system. With each
breath, heart rate is typically increased during inhalation
and decreased during exhalation [51]. This is because more
oxygen is directed to the respiratory muscles [52] during the
active process of inhalation. The same principle occurs during
physical activity: the heart rate increases so that more oxygen
can be transported to muscles throughout the body [53], with
an example shown in Fig. 4. The standard method to monitor
heart rate is by using ECG R-peak timing [54]. In SCG, the
de-facto R-peak surrogate is the AO point; provided there
are no electro-mechanical disabilities, the heart rate from AO

Fig. 4. An example during regular breathing of (a) ECG reference heart
rate modulated via (b) Respiration.

to AO correlates well with heart rate from R to R [55].
Heart rate was determined from the SCG waveform using
the extraction method explained in the previous section. Since
both AO and IC points were extracted, both were used to
calculate two separate instantaneous heart rates which were
directly compared with HR derived from ECG. The fluctuation
in SCG-derived HR was used as a measure of frequency
modulation and compared to respiratory metrics.

3) Baseline Modulation: During respiration, the lungs fill
with air and expand, causing the surface of the chest to rise
and fall with each breath. In a common checkup, a doctor or
nurse uses this principle to approximate a patient’s breathing
rate. This motion can be recorded when an IMU is placed
on the chest. Structurally, the sternum and upper ribs move
upward and outward in a ‘pump handle’ motion to increase the
dorsoventral radius of the chest. As the chest moves outward,
the sensor accelerates along the Z-axis. Simultaneously, the
lower ribs expand outward and upward in a ‘bucket handle’
like motion to increase the horizontal radius. As the chest
moves upward, the sensor accelerates along the X-axis. An off-
center placement of the sensor or nonsymmetric body shape
induced additional oscillations in the Y-axis. The gyroscope
also experienced oscillation when the surface of the chest
rotated, primarily in the X- and Y- axes. This slow peri-
odic movement was found to happen independently from
the cardiac beats and was mixed into the IMU signal. This
motion was attributed to the baseline wandering of the cardiac
beats. Fig. 5 shows an example of the baseline oscillations
occurring in the raw IMU signal. In general, some cardiac and
respiratory effects can be seen across all three axes. As SCG
was primarily recorded from the Z-axis due to its cardiac
periodicity, respiration baseline wandering was strongest in
the X-axis. Therefore, this work has been centered around
extracting baseline wandering from the X-axis.

Through filtration, this signal can be extracted for the
analysis of respiratory parameters. The Savitsky-Golay filter
[56] is commonly used to remove baseline wandering from
physiological signals [57]. A 4th order Savitsky-Golay filter
was used to remove both high frequency noise and cardiac
vibrations. The window size of the filter was variable depend-
ing on the respiratory frequency. To set the window size
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Fig. 5. Raw IMU data during regular breathing for (a) X-axis,
(b) Y-axis, (c) Z-axis, and (d) Reference respiratory volume. Periodic
baseline oscillations are seen in X-axis acceleration.

of the filter, the frequency spectra were normalized by their
range and summed across all axes. Since respiration was the
largest common signal across all the axes, the peak frequency
within the 0-2 Hz range was assumed to be the respiratory
frequency. The frame length was proportional to this period.
The filtered signal was compared to the respiratory waveform
and described in section II.C.2.

C. Analysis
After processing the data to extract each of the four main

modulation types, these signals were analyzed statistically
during breath holds and during normal breathing. The same
signals were then used to extract key respiratory parameters
during normal breathing.

1) Static Analysis: SCG waveforms have been shown to be
modulated by both inhalation phase and volume [58]. While
it was not possible to isolate inhalation without a change
in volume, it was, in fact, possible to isolate a change in
volume without active inhalation. Volume can be isolated
from inhalation phase using static breath holds. As the two
scenarios were explored, the high lung volume (HLV) and low
lung volume (LLV) breath holds allowed for an evaluation of
changes in SCG morphology purely due to volume. Neural
networks have been capable of classifying these volume states
[44]. The morphology effects were shown in [39], where root-
mean-squared (RMS) varied due to volume across all 6-axes
of an IMU. An example waveform can be seen in Fig. 6 where
two signals from the same subject appeared to be different due
to a change in lung volume. This past work was applied to
the fiducial points of the AO and IC in the new dataset.

The effects were also analyzed to extract baseline and
frequency modulation. Baseline modulation was extracted with
the window size derived in the subject’s initial rest dataset.
Each source of modulation was averaged across all three of the
HLV and LLV datasets. Both the absolute and relative variation
in the signals were analyzed as there was high variation in
amplitude, baseline, and HR across subjects. The absolute

Fig. 6. SCG signal during breath holds for (a) High Lung Volume, and
(b) Low Lung Volume for the same subject.

change was normalized by the average signal value across the
entire rest dataset for each subject. The percent change was
calculated by the following equation where X represents each
accelerometer-derived modulation signal from the previous
sections (HR, AO Amplitude, IC Amplitude, or Baseline X).

�X = X H LV − X L LV

Xrest
∗ 100 (2)

where X H LV was the average value from the HLV dataset,
X L LV was the average value from the LLV dataset, and Xrest

was the average value from the rest dataset.
2) Parameter Extraction: After the modulations of the

signals was characterized, their mapping to key respiration
parameters was determined. In this section, four consistent
modulation sources from the previous sections were con-
sidered: X-axis baseline, heart rate, AO amplitude, and IC
amplitude.

The spirometer flow values were smoothed and integrated
to produce respiratory volume. Numerical integration drift was
removed by fitting a 2nd order polynomial. The local minima
of the reference volume waveform were manually annotated
to mark the beginning of each respiration cycle. Only full
respiratory cycles were considered in the analysis. To extract
tidal volume, the volume from each breath was reset to zero at
each annotated local minimum from the respiratory waveform
– corresponding to the beginning of the inhalation phase. The
following local maximum in each breath corresponded to the
tidal volume of that breath. The four accelerometer-derived
values were also reset at the minimum value nearest to the
start of the volume cycle. The following maximum value per
breath was analyzed.

Respiration rate (RR) and respiration phase (RP) could be
compared directly to the signals because their units matched.
RR was defined as the time difference between successive
maximum peaks with a limitation of one peak per respiratory
cycle. Respiration phase was defined as the time difference
between the reference peak, tmax V , and the signal peak, tX ,
and then scaled by the average reference respiratory period,
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TResp, per subject, as shown in the following equation.

φ = tmaxV − tX

mean
�
TResp

� × 360 (3)

Mapping signal amplitude to TV was more difficult due to a
mismatch in units and large inter-subject variability. It was
impossible to extract tidal volume from SCG by directly
correlating amplitude values because each person a different
breathing pattern, movement, and body composition. There-
fore, to map the amplitudes to TV and calibrate for personal
changes, a linear regression was used for each subject where
X was the peak accelerometer-derived modulation value, Y
was the tidal volume, n was the number of breaths in the
recording, and β were the linear coefficients as seen in the
equation below. ⎡

⎢⎣
1
...
1

X1
...

Xn

⎤
⎥⎦



β0
β1

�
=

⎡
⎢⎣

Y1
...

Yn

⎤
⎥⎦ (4)

Then a predicted tidal volume, Ŷ , can be estimated by,

Ŷ = β1 X + β0. (5)

The linear regression allowed for calibration on a per-subject
basis while still maintaining the linear relationship between
each parameter and tidal volume. All of the data was used for
both calibration and prediction.

D. Respiratory Waveform Estimation
The respiratory waveform provided important indications as

to the timing, depth, and breathing pattern. The IMU recorded
respiratory information from several sources of modulation
and therefore could be combined into a single respiratory
waveform using sensor fusion [59]. Only the baseline wander-
ing metrics were considered as they were continuous signals
unlike the HR and amplitude components that are confined
to a per-beat resolution. As respiratory effects were apparent
across all 6 axes of motion, they were combined into a single
respiratory estimation. Baseline signals were extracted using
the procedure outlined in the baseline modulation section. Both
IMU and reference volumes were interpolated to a sampling
rate of 200 Hz. The reference volume drift was removed with a
fitted 2nd order polynomial. The baseline signals were filtered
by a 3rd order low pass Butterworth filter with a cutoff of 1 Hz
and had their mean value removed. Multiple linear regression
was used to fit a linear model between the baseline motion
and respiration. A single respiratory waveform signal was
predicted using a linear summation of all 6 baseline axes,
scaled by linear coefficients and offset. The linear model is
shown in equation 6 where Ŷ represents the predicted signal,
β is each coefficient, a is each acceleration axis, and g is each
gyration axis.

Ŷ = β0 + β1aX + β2aY + β3aZ + β4gX + β5gY + β6gZ (6)

Past work has shown that due to inter-subject variability, the
axis which best aligns to the respiration waveform is subject
dependent [50], indicating that regression coefficients should
be determined on a per-subject level. Each subject had an

TABLE II
DATASET CHARACTERISTICS

optimized model. For each subject, the first sequential 70%
of the data was used to train the model with only the last
30% used for validation. The model was also evaluated when
a single average coefficient was used across the entire dataset.

III. RESULTS

The annotation method was verified using heart rate as a
comparison in section III.A. Then, static breath holds were
used to identify the variation in the signals due to respira-
tion volume in section III.B. The same characterization was
performed during normal breathing in section III.C. Using
this information, the respiratory parameters (Respiration Rate,
Respiration Phase, and Tidal Volume) were extracted in sec-
tions III.D, III.E, and III.F, respectively. Finally, the respiratory
waveform was estimated using multivariate linear regression
in section III.G.

Data was collected from 50 subjects. The data from 10 sub-
jects was discarded due to inconsistencies and artifacts in
reference volume, or acquisition errors in at least one of the
tests. The remaining 40 subjects were used in the analysis.
A summary of the data is shown in Table II. The AO and IC
intervals were estimated based on the delay of the timestamps,
tAO , and tI C , respectively, from the timestamp of the R-peak.
HR and RR are shown in beats per minute (bpm).

A. HR Verification
The first step of the analysis was to verify the annotation of

the fiducial points. This ensured that the features were consis-
tent when used for the amplitude and frequency modulation
components. It was verified by using heart rate as a comparison
metric. The relatively stable time delay between the R-peak,
AO, and IC points during successive beats, paired with the
variability of HR enabled a direct comparison from each
metric to determine proper annotation. Heart rate from AO to
AO (HRAO) compared with R to R (HRR) resulted in a squared
correlation coefficient r2 of 0.999 (p < 0.001). Heart rate from
IC to IC (HRIC) compared with HRR resulted in an r2 of 0.995
(p < 0.001). Finally, HRIC compared with HRAO resulted in
an r2 of 0.994 (p < 0.001). Given the variation in heart rate
between beats, the high correlations between these three heart
rate measurements proved that the timing of annotated fiducial
points were consistent across the entire dataset. It should be
noted that as the R-peak was used to identify the AO, these
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TABLE III
RELATIVE AND ABSOLUTE AVERAGE PARAMETER CHANGE BETWEEN

STATIC APNEA SUBTESTS

TABLE IV
RELATIVE AND ABSOLUTE AVERAGE CHANGE PER BREATH

results did not correspond to the accuracy of a standalone
heart rate monitor, which has been described in [31]. The
slight imperfections in the correlations can be attributed to the
variability of the heart and misclassifications of the points,
mainly in the IC point as some recordings produced several
indistinguishable local minima.

B. Static Apnea
The SCG signal was analyzed with respect to static breath

holds. The relative change from low volume to high volume
states was computed due to inter-subject variation. On average,
AO amplitudes and IC amplitudes were much larger during
HLV than LLV. The IC amplitude produced the largest change
with amplitudes 94% greater on average during HLV. Simi-
larly, AO amplitudes were 46% greater on average during HLV.
There was no consistent change in baseline X-axis acceleration
or heart rate. These findings corresponded with previous work
[39] but with finer resolution to the cardiac points and over a
larger dataset. As this technique was independent of the effect
of inhalation and exhalation, the results demonstrated the
dependency of SCG amplitudes on lung volume. Baseline X
and heart rate showed no dependency. Additionally, the relative
baseline showed a high standard deviation due to the numerical
instability of signals oscillating around an acceleration of
0 m/s2. The average and absolute values across all four metrics
are shown in Table III.

C. Normal Breathing
The same analysis from the static apnea subtests was

repeated in the resting test. In this scenario, the HLV points
corresponded to the maximum value from each source per
breath whereas the LLV points corresponded to the minimum
value of each source per breath. For example, in one breath, the
heartbeat with the highest AO amplitude was the HLV point
and the heartbeat with the lowest AO amplitude was the LLV
point. A statistical method was therefore used to analyze the
largest effects of signal modulation due to respiration. Again,

Fig. 7. Bland-Altman plots of estimated (RRest) and reference (RRref)
respiration rate with mean (solid red) and 95% limits of agreement
(dashed red) for: (a) X-axis baseline wandering, (b) Heart rate, (c) AO
amplitude modulation, and (d) IC amplitude modulation.

the relative changes were normalized by the average value
across the whole set whereas the absolute values showed the
change without normalization. Table IV shows the average
change and standard deviation within each breath. All four
metrics showed an average increase with each respiration
cycle. The largest change was IC amplitude, which had a
61% change on average within each respiration cycle. Unlike
in the static case, there was a discernable change within
each respiratory cycle for both Baseline X and heart rate.
Relative Baseline X acceleration again did not provide much
information due to the normalization factor but the absolute
difference increased by 0.23 m/s2 on average.

D. Parameter Mapping
1) Respiration Rate: Respiration rate was assessed across all

40 subjects in relation to the four main modulation parameters.
RR was extracted as the timing from peak lung volume to peak
lung volume in the reference waveform, and from local max-
imum to local maximum of each of the four parameters. Out
of these methods, all produced a noticeable relationship with
respiration rate, the most reliable predictor being the baseline
X axis, which produced an r2 of 0.71 (p < 0.001). The least
reliable predictor was amplitude modulation derived from the
AO point, which produced an r2 of 0.43 (p < 0.001). Fig. 7
shows the correlations between all four methods. As apparent
in Figure 7 b)-d), accuracy diminished at high respiration
rates. This is common in other beat-to-beat derived methods
as well [60]. This was found to be due to the relationship
between HR and RR, where a higher RR causes there to be too
few heartbeats in each respiratory cycle. Fortunately, as seen
in Figure 7a), this limitation was overcome by the baseline
wandering method because it was not constrained by the heart
rate. The linear correlation, especially at lower RRs, showed
that the modulated signals had the same periodicity with the
respiration cycle.
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Fig. 8. Histogram of phase delay from (a) X-axis baseline wandering,
(b) Heart rate, (c) AO amplitude modulation, and (d) IC amplitude
modulation.

2) Respiration Phase: The respiration rate results showed
that all metrics were periodic with the respiration cycle;
however, this did not indicate where in time the cycles aligned.
Respiration phase was used to quantify the time delay between
the signals. The phase was analyzed using the timing from
the peak of each signal to the peak of the reference volume,
described in equation 2. Fig. 8 shows the distribution of the
phase delay for each breath across all subjects. The baseline
wandering showed a narrow distribution with an average delay
of (mean ± standard deviation) −46 ± 57 degrees. While the
distribution had a peak around a delay of −35 degrees, there
was a second, smaller peak centered around −180 degrees.
This was due to the baseline wandering of some subjects
being inverted or perfectly out of phase at −180 degrees.
The heart rate modulation resulted in an average delay of
−60 ± 56 degrees. Studies have shown that HR modulation
corresponds better to inhalation than volume [51], [52], which
was verified by the phase timing. The similarity between
the HR and baseline wandering showed that it was also
dependent on inhalation. Both amplitude modulation sources
corresponded to an average delay of 14 ± 98 degrees and 1 ±
107 degrees for the AO and IC amplitudes, respectively. The
small delay indicates that signal amplitudes are periodic with
respiration volume, as expected from the static case.

3) Tidal Volume: Tidal volume was estimated by mapping
the change in each parameter per breath to the volume
using linear regression. Across the whole dataset, the results
appeared to show a reasonable correlation. Fig. 9 shows the
correlation across the entire dataset where a squared corre-
lation coefficient was around 0.87 for each method. Given
that the results of the respiration rate and respiration phase
extraction showed variance between methods, it was unlikely
that all four signals would converge to approximately the same
correlation result. The correlation coefficients for individual
subjects were very low where most subjects had a correlation
around 0.1 or 0.2. This showed that the global correlation
of 0.87 was due to the reference dataset having more vari-
ation between subjects than there was within each subject.

Fig. 9. Bland-Altman plots of estimated (TVest) and reference (TVref)
tidal volume with mean (solid red) and 95% limits of agreement (dashed
red) for (a) X-axis baseline wandering, (b) Heart rate, (c) AO amplitude
modulation, and (d) IC amplitude modulation.

On average, each subject’s reference TV was within a range of
±400 mL with a standard deviation of 94 mL. In comparison,
across the entire dataset, the reference TV occurred over a
range of ±1500 mL with a standard deviation of 262 mL.
This indicated that the linear correlation parameters were
more dominant in producing linearity than the actual TV
estimation due to inter-subject range and deviation. Analysis
of variance (ANOVA) was used across all the subjects which
indicated that the data from individual subjects were signifi-
cantly different from the entire dataset (p < 0.001). The most
reliable signal across all four metrics was the X-axis baseline
wandering. The average correlation for the top 10 subjects
(25% of the subjects) was 0.56 whereas the bottom 30 subjects
(75% of the subjects) was 0.08. This indicated that only some
subjects had a linear relationship with TV. This can be seen
in Fig. 9, where clusters of points were grouped together
in a straight line. These points generally occurred from the
same subject and indicate that the reference TV was changing
whereas the predicted TV did not change. In these cases, the
model was not adequate. Therefore, when the dataset was
correlated as a whole, the results appeared to be linear, whereas
on an individual basis, there was very little correlation.

E. Respiratory Waveform Estimation
Respiration was shown to modulate the recordings in sepa-

rate ways; however, there was no individual parameter that
resulted in the most accurate estimation of the waveform.
Additionally, inconsistencies between the subjects required
more calibration. Since all or most of the baseline signals
showed periodic respiratory modulation, a multiple linear
regression was used to combine the sensor readings from each
axis. Fig. 10 shows a comparison between the reference vol-
ume and an estimated volume using an individually optimized
regression.

This process was completed across all 40 subjects. Squared
correlation coefficients were calculated for each subject
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Fig. 10. Respiratory waveform prediction (red) and reference volume
(blue) from a single subject.

individually. The average r2 across all subjects was 0.764. The
average predicted equation is shown below where Ŷ represents
the predicted signal, a is each acceleration axis, and g is each
gyration axis.

Ŷ = 50.17 + 0.538aX + 0.148aY + 4.95aZ

+ 0.02gX − 0.094gY − 0.046gZ (7)

As each of the axes was not equal in the magnitude of their
variation, the coefficients alone were not a direct indicator
of feature importance. Each of the predicted coefficients was
scaled by the standard deviation of the corresponding axis to
determine the importance of the feature. By this method, the
axes were ordered by significance in predicting respiration as:
ax , az , ay , gy, gx , gz .

A new model was generated for each subject. For some
applications or for expanding to new subjects, this was not
always feasible. A single model derived from the average
coefficients of equation 5 was tested for generalizability.
This single model resulted in an average r2 of 0.480. This
represented prediction without any per-subject personalization.
For comparison, a regression on just the X-axis acceleration
alone had an average r2 of 0.430. This showed that subject-
specific parameters were important for predicting the respira-
tory waveform and that without it the results were not much
better than using just the X-axis for estimation.

F. Comparison With ECG-Derived Respiration
The R-wave angle (Rθ ) method was used to extract the

respiratory signal from the ECG signal because it provided
the best results in literature [30] and in our experiments.
It was defined [61] as the angle between the upper and lower
slopes of the QRS complex. Using the same dataset, Rθ was
processed with the same parameter mapping process built for
the SCG modulations. For respiration rate, Rθ produced an
r2 of 0.61. This was lower than the r2 from BW (0.71) and
HR (0.66), but higher than AO (0.43) and IC (0.44). As Rθ
was extracted on a per-beat basis, the accuracy was similarly
degraded at higher RR rates. For respiration phase, Rθ had an
average delay of −50 ± 78 degrees, which showed similarity
to the BW (−46 ± 57 degrees) and HR (−60 ± 56 degrees).

For tidal volume, Rθ had similar results to SCG with a high
correlation overall due to the variance in the dataset, but an
average per-subject correlation of just 0.15.

IV. DISCUSSION

The annotation schemes provided consistent and reliable
detection of the fiducial points on the SCG waveform.
By using the HR verification method, it was shown that either
could be used as a substitute for the RR interval. The study
was limited to the AO and IC points because they were
consistently recognizable across all subjects. Several points
could be included which might have high impact, particularly
the rapid ejection (RE) which follows IC. A second option
would be to consider the points near the second heart sound,
namely the aortic closing (AC) and mitral opening (MO)
points. Their amplitude and interval durations could be ana-
lyzed with respect to respiration. These fiducial points had
too much variability in the dataset to be consistently defined
and were therefore excluded. Additionally, a final application
should use an annotation scheme that does not rely on the
ECG, as it creates the need for additional hardware.

The static scenarios showed a large change in AO and IC
amplitude but less of a change in Baseline X or HR. This
showed that HR was susceptible to the act of inhalation but
not to the volume itself. HR was shown to be slightly higher
for the LLV scenario, although this could be attributed to the
test being more difficult and stressful [62].

Using metrics that depended on discrete heartbeats limited
the resolution per breath. Amplitude modulation techniques
showed a much greater range over static and dynamic tests,
although they lacked resolution in the exact phase estimation
and therefore had a high standard deviation. This was ampli-
fied in scenarios with a relatively high RR.

There was a large range of accuracy deviation between sub-
jects. Some subjects showed little or no correlation to any of
the parameters compared to others that showed almost perfect
correlation. Several subjects even showed better correlations
when using an inverted signal [50]. Although this work did
not determine the causation, it could be attributed to sensor
placement, body shape, or breathing patterns. It is important
to note that many similar studies use only a few subjects [46],
which might not be applicable to a broad set of subjects.

Tidal volume estimation was limited in this study. It was
shown that in a 3-minute recording, there was not enough
variation in breathing depth to produce accurate correlation.
Conversely, there was too much variation between subjects in
tidal volume to be able to characterize the set as a whole.
This was identified as a limitation of the study and should
be expanded to longer recordings with variations in subject
breath depths. Variation in breath depths, rates, and patterns
would also benefit all aspects of this paper. This could be
incorporated in future studies to characterize the accuracy and
functional range of using SCG as a respiration monitor. The
study also focused on linear relationships between the signals
and respiration parameters. It is possible that tidal volume
can only be estimated using a more detailed relationship or
advanced processing.
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The results showed that the most reliable method across
all respiration metrics (rate, volume, and phase) was the
baseline wandering approach. The analysis was constrained to
the X axis because it had the strongest periodic oscillations.
However, all 3 axes of acceleration and 3 axes of gyration
showed some form of oscillation, albeit less consistently than
that of the X axis. Therefore, a multiple linear regression was
used to fuse all 6 axes together and create a single estimated
respiratory waveform. An equation was made for each subject;
however, an extension would be to build an algorithm that
employs the physical relationships between signals to fuse
these metrics into a reliable derivation of respiratory motion.

Additionally, all aspects explored in this work could be
extended to better incorporate the gyroscope recordings into
the methods. For example, amplitude modulation was not
implemented on the gyroscope axes due to a limited knowl-
edge and definition of fiducial points. The gyroscope features
previously showed that the gyro Y-axis exhibited the greatest
lung volume modulation [39]. Most of the features used in
this work provided at least some relationship with respiration;
however, the best-case parameter varied on a per-subject basis.
An extension would be to build an algorithm that fuses these
metrics to reliably predict respiratory parameters, similar to
the linear regression model.

This study was conducted in a controlled environment where
there were no aspects of noise or motion artifact. In the real
world, motion artifact is one of the largest sources of error.
Therefore, a real-time estimation algorithm must include some
type of filtering, cancelation, or tracking to handle motion
artifacts and signal corruption. There have been several studies
that provide SCG-specific algorithms; however, these mainly
focus on estimating HR [63], [64] and their applicability
towards estimating respiratory information was not explored.
In this study, corrupted signals were disregarded, although
they may still contain useful information if corrected by
an algorithm. Additionally, because the subjects recruited in
this study were young and healthy, the effects might not be
represented in a more general population. The next phase of
this work will characterize the methods over more challenging
situations such as exercise, deep breathing, and daily activities.
This will improve practical utility of our approach and its
application as a wearable monitoring solution.

V. CONCLUSION

The objective of this work was to analyze SCG wave-
forms in the context of characterizing the modulation due
to respiration. 40 subjects were considered for analysis. Four
main sources of modulation were described: AO amplitude,
IC amplitude, Baseline-X, and heart rate. The findings from
the static scenario showed that AO and IC amplitudes were
46% and 94% greater due to lung volume when isolated from
inhalation. All four signals showed considerable modulated
effects during normal breathing, with IC amplitudes corre-
sponding to the greatest modulation by 64% on average. Respi-
ration rate could reasonably be extracted from all four signals
directly, with the most reliable method being Baseline-X with
an r-squared of 0.71. Baseline-X and heart rate corresponded
to modulation by inhalation due to the lack of static apnea

modulation and phase delay from peak respiratory volume.
Conversely, the phase of the amplitude modulation aligned to
respiratory volume, which was consistent with the static apnea
results. Tidal volume could not be extracted directly from
any individual parameter. A multiple linear regression was
used to estimate the respiratory waveform from the baseline
wandering of all six axes with an average r-squared of 0.764.
This study outlined the effects of respiration on all aspects
of the SCG waveform. These effects could be incorporated
into cardiac algorithms to improve detection and be leveraged
to provide information on respiratory activity. This will grow
the advantage of SCG as a single point of contact sensor to
integrate with respiratory and cardiac monitoring.
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