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Abstract— This article presents an unsupervised, automated
procedure for the analysis of Seismocardiogram (SCG) signals.
SCG is a measure of chest vibrations, induced by the mechanical
activity of the heart, which allows extracting relevant parameters,
including heart rate (HR) and HR variability (HRV). An initial
self-calibration is performed, solely based on the SCG traces,
yielding a suitable heartbeat template (personalized for each subject). Then, beat detection and timing annotation are performed
in two steps: at first, candidate beats are identified and validated,
by means of suitably defined detection signals; then, precise
timing annotation is achieved by best aligning such candidate
beats to the previously extracted template. The algorithm has
been validated on two separate data sets, featuring different
acquisition setups: the first one is the publicly available Combined
measurement of ECG, Breathing and Seismocardiogram (CEBS)
database, reporting SCG signals from the subjects lying in supine
position, whereas the second one was acquired using a custom
setup, involving the sitting subjects. Results show good sensitivity
and precision scores (98.5% and 98.6% for the CEBS database,
and 99.1% and 97.9% for the Custom one, respectively). In addition, comparison with electrocardiogram (ECG) gold-standard is
given, showing good agreement between the beat-to-beat intervals
computed from SCG and the ECG gold-standard: on average,
R 2 scores of 99.3% and 98.4% are achieved on the CEBS and
Custom data sets, respectively. Furthermore, a low rms error
is achieved on the CEBS and Custom data sets, amounting to
4.6 and 6.2 ms, respectively (i.e., 2.3 Ts and 3.1 Ts , where Ts
is the sampling period): such results are well compared with
related literature. Validation on two different data sets indicates
the robustness of the proposed methodology.
Index Terms— Accelerometer, active assisted living (AAL),
heart rate (HR), microelectromechanical system (MEMS), Seismocardiogram (SCG), vital sign monitoring.

I. I NTRODUCTION
DVANCEMENTS in the information and communication technology (ICT) and the Internet of Things (IoT)
technology are driving innovation in many different fields,
by allowing more devices to interact in a seamless way.
Active assisted living (AAL) [1] and, in general, smart
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environments are positively impacted by the emerging IoT
paradigm: traditional systems are being redesigned to support
native interaction in interconnected environments. With IoT
devices making their way into the AAL realm, a wealth
of information becomes available, covering different aspects.
For example, information from multiple sensor was analyzed
and fused together to detect the fall events or suspicious
inactivity periods [2] in the homes of frail users. Moreover,
indirect information about a person’s general wellbeing was
extracted from the presence and motion sensors in home
environments [3]: anomalies or deviations (either sharp or
abrupt) in habits and routines can be quantitatively assessed,
potentially suggesting the underlying health issues. Such an
approach is, for instance, being adopted to complement the
medical protocols for persons recovering from stroke events
in [4]. In such a context, indirect assessment of health and
wellbeing status by means of behavioral analysis fosters care
continuity.
In general, fusing information coming from many sources
and different domains enhances the potential of the AAL
monitoring systems. In particular, fusion among behavioral
and physiological data may result in more comprehensive and
detailed pictures, greatly supporting caregiving insightfulness
and allowing developing new services. Suitable devices are
needed, though, with low intrusiveness and low cost features,
which are essential to AAL monitoring. Among most relevant
physiological indicators, heart activity plays a relevant role in
health assessment: information such as heart rate (HR) and
HR variability (HRV) can be easily extracted by means of
wearable sensors that analyze the electrocardiogram (ECG) [5]
or photoplethysmogram (PPG) [6] signals. This article focuses
on a different technique for gathering such information, introduced by Salerno and Zanetti [7] and based on the study
of vibrational patterns related to the mechanical activity of
the heart. Indeed, recent advancements in the low-power
microelectromechanical system (MEMS) technology opened
up to the possibility of deploying low-cost wearable devices
for acquiring acceleration patterns directly from the chest
surface: the study of such information is the object of
Seismocardiogram (SCG) [8], [9]. As sketched in Fig. 1,
relevant cardiac events are clearly detectable in the SCG,
including aortic valve opening (AO)/aortic valve closure (AC)
and mitral valve opening (MO)/mitral valve closure (MC)
and isovolumic movement (IM). An ECG is shown in the
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Fig. 1. Typical SCG patterns, temporally related with the electrical activity
of the heart measured by an ECG.

figure as well, allowing relating the mechanical and electrical
descriptions, representing the heart cycle. Although different waveforms are exhibited, SCG provides comparable HR
information (focusing on the heart mechanical activity) with
the previously mentioned techniques. The SCG technique is
particularly appealing for AAL environment, being less intrusive than ECG and being suitable for convenient embedding
(e.g., in smart clothes). Furthermore, the combination of SCG
and ECG/PPG opens up to the evaluation of new parameters
of interest (as mentioned later).
This article is framed into the more general picture of the
AAL monitoring systems, where information is gathered from
many different sources. The proposed methodology can be
applied in the continuous HR and HRV monitoring scenarios,
requiring no skin contact (neither electrodes nor photoemitters/detectors). Furthermore, the chest sensor inherently carries
much further relevant information, related to the user motion,
balance, and posture. This provides valuable context to the
heart activity indicators, that is, the same sensor can be
used to track the quality and quantity of physical activity
(e.g., walking), with SCG analysis being carried out when
artifacts are less present (e.g., during the rest phases). In a
more general sense, the SCG outcomes could be fused with
further behavioral information coming from the AAL monitoring system, possibly resulting in a more accurate and deeper
insight.
With the inclusion of such a new dimension in the monitoring scheme, constraints in terms of costs and intrusiveness
have to be met: this article presents an automatic procedure for
analyzing the SCG traces in a fully unsupervised way, allowing
detecting heartbeats and its characteristic patterns precisely,
focusing on still subjects. Beat detection and localization
are carried out in a self-consistent way, without requiring
ECG-based calibration. Each phase aims at optimizing different performance figures (sensitivity/precision in the detection and beat-to-beat time accuracy in the localization case),
exploiting derived signals that have been explicitly devised
and introduced. Effectiveness of the approach is progressively
assessed by means of statistical testing, discussing the impact
of each phase on overall performance. With respect to previous
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findings in [10], the current approach improves in three
ways.
1) In previous work, initial calibration required the acquisition of a reference ECG trace. In the current approach,
such ECG-assisted calibration phase is no longer needed.
2) The methods are validated on two distinct data sets:
a) the Combined measurement of ECG, Breathing
and Seismocardiogram (CEBS) database, publicly available at the PhysioBank repository [11] and b) a
custom-collected data set, acquired by means of a lowcost, embedded hardware setup, which relates more
closely to the practical uses in AAL contexts. The
proposed methodology is, therefore, validated on two
different acquisition setups and experimental protocols.
3) The achieved performance is significantly improved,
and it is also positively compared with other related
literature. Overall, an average of 98.5% and 99.1%
sensitivity scores is achieved for the CEBS and Custom
databases, respectively, whereas precision were found
to be 98.6% and 97.9%. In addition, a low rms error is
achieved on the CEBS and Custom data sets, amounting
to 4.6 and 6.2 ms, respectively (i.e., 2.3 Ts and 3.1 Ts ,
where Ts is the sampling period).
The rest of this article is organized as follows. Section II
briefly reviews the related works and introduces the methodologies, discussing the details ranging from data set features to algorithm implementation. Section III presents the
achieved results, statistically evaluating the impact of the main
algorithm’s steps and parameters on the overall performance.
In the same section, relevance of the results is discussed,
by comparing with previous works, also discussing inherent
implications and limitations. Finally, Section IV draws the
conclusions.
II. M ETHODS
A. Related Work
As mentioned, SCG is the study of chest vibrations induced
by the mechanical activity of the heart. Such a waveform
results from many factors indeed [12], including cardiac
contractions, mitral and aortic valve dynamics, and blood
flow turbulence. Vibrations are most commonly measured by
means of 3-axial MEMS accelerometers [13] or 6-degrees
of freedom inertial measurement units (IMUs), which add
rotational speed to the information being recorded [14].
It is worth mentioning that, besides accelerometry, other
SCG measurement techniques exist in literature. For example, by using an airborne pulse-Doppler ultrasound system,
HR was successfully estimated on the clothed skin [15];
other works make contactless measurements of HR using
radar systems tuned at different frequency bands [16], [17],
laser-Doppler vibrometry [18], [19], microwave sensors [20],
and video-based analysis [21]. However, such solutions require
bulky equipment and are not suited for daily use, in the
AAL-oriented scenario that this article is aiming at. In the
following, therefore, only the accelerometer approach is
considered.
SCG waveforms can be acquired at different positions on
a subject’s chest wall. The most common place is over the
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sternum, and the measurement device is typically held in place
by a medical tape or textile supports [22]. Nonetheless, many
works explore different sensor placements, attempting to maximize the sensitivity to specific cardiac phases (e.g., mechanical
dynamics of a specific heart valve) [23]. Indeed, a possible
application of SCG is to provide appropriate timing reference
to compute the intervals that relate the mechanical and electrical activities of the heart: fusing information from ECG,
it is possible to compute parameters like the preejection period
(PEP, i.e., the interval between the electrical depolarization of
the left ventricle and the beginning of ventricular ejection) or
left ventricular ejection time (LVET, i.e., the period of blood
flow across the aortic valve) [24].
Acquiring an SCG can be challenging in motion contexts:
artifacts (e.g., from walking) contaminate the physiological
signal, making annotation less precise. In order to reduce
such an effect, many techniques were developed in literature. For example, Jain and Tiwari [25] propose to reduce
walking-induced artifacts by detecting the time intervals of
possible footsteps (using the head-to-toe acceleration component), discarding SCG information near them. Instead,
Javaid et al. [26] attempt to compute PEP intervals from
moving subjects by making a combined use of the ECG and
SCG traces: an empirical mode decomposition (EMD)-based
method is used for denoising SCG waveforms, achieving a
correlation coefficient r between 0.75 and 0.86, depending
on the walking speed, with respect to the chosen reference
(namely, impedance cardiography); in this case, however,
identification of heartbeat is guided by simultaneous analysis
of ECG. Similarly, an independent component analysis (ICA)
method is proposed to separate noise from the SCG signals
and compute the PEP intervals in [27] statistically. Finally,
a normalized least mean square (NLMS) adaptive filter is
presented in [28]: by using a delayed version of the signal
as noise term, narrowband interference is reduced. However,
an ensemble-average approach is taken to estimate the mean
HR, since single beat-to-beat interval computation is too noisy:
this can jeopardize the calculations of parameters like HRV.
In the following, methods will be presented aiming at maximizing consistency in beat-to-beat interval annotation, possibly
assuming quasi-static, quiet conditions. This article aims at
a specific application target, consisting in monitoring seniors
users and their daily living patterns in a continuous fashion:
within this scenario, significant time intervals during which the
assumption of quasi-quiescence should be reasonable are to be
expected, indeed, allowing to provide the AAL system with
frequent and reliable assessment of heart parameters, to be
integrated into behavioral patterns analysis.
B. Data Sets and Preprocessing
As stated in Section I, the proposed methodology was
tested on two different data sets. The first one is the CEBS
database [29], publicly available online and suitable for benchmarking with other works. It contains records of 20 users,
whose ECG, SCG, and breath signals were simultaneously
sampled while lying in the supine position (the measurements
refer to the dorsoventral axis, perpendicular to the chest).

Fig. 2. Measurement setup: left arm (LA) and right arm (RA) form the
modified Lead-I ECG, whereas the driven right leg (DRL) electrode reduces
common-mode noise; the accelerometer’s reference system is also reported.

This data set features almost 50 min of data per user, allowing
validating methods in the medium time span; more details on
this database can be found online at the project Web site on
PhysioNet [11].
The second data set, instead, was recorded for this article,
exploiting low-cost custom hardware, suitable for deployment
in the AAL scenarios. The records consist of relatively shorter
acquisitions (about 4 min each), during which ECG and
SCG were sampled, with subjects comfortably resting on a
chair. In order to compare consistently to the CEBS database,
the same acceleration axis is monitored, i.e., the one perpendicular to the chest (z-axis in Fig. 2). Overall, 13 healthy
subjects (nine males and four women, age 35.2 ± 16.0) were
recruited on a volunteering base, following the guidelines of
the Helsinki declaration on ethical principles. In the experimental protocol, the SCG was acquired by means of a triaxial
accelerometer device (ADXL355 by Analog Devices Inc.,
Norwood, MA, USA) placed over the subject’s sternum, held
in place by a light chest strap. In order to achieve a proper
signal quality, particular care was taken to ensure a firm
placement of the sensor: this required a tight-fitting chest
strap and, if needed, the use of filling material on the sensor,
to better adapt to different body shapes. Simultaneously, for
performance assessment purpose only, an ECG was acquired
using a modified Lead-I setup: signals were taken from the
left and right shoulders using disposable Ag/AgCl electrodes,
amplified by a dedicated integrated circuit (AD8232, Analog
Devices Inc.); a third electrode was used, placed on the
right limb, in order to drive the patient potential so that
common-mode noise from the mains is reduced. The combined
SCG/ECG experimental setup is shown in Fig. 2, which also
reports the orientation system of the accelerometer. Signals
were recorded at a sampling frequency of 500 Hz by means
of an Advanced RISC Machine (ARM) Cortex M0 (Arm
Holdings, Cambridge, England, U.K.). Data are wirelessly
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streamed (IEEE 802.11b/g/n) by means of the Transmission
Control Protocol (TCP)/IP protocol. A Python environment,
running on a standard desktop PC, was used for data gathering,
storing, and analysis.
Preprocessing steps were applied before signal analysis.
In particular, the CEBS database signals were downsampled
from the original 5-kHz sampling frequency by a factor of 10,
to match the other data set acquisition rate. Data were filtered
by suitably designed finite-impulse response (FIR) filters, with
a (2−14)-Hz passband for the SCG trace and (1−30) Hz for
the ECG signal, providing a minimum 40-dB attenuation in the
stopbands. As the last preprocessing step, data were scaled by
means of z-scoring
x − μx
(1)
x SCG =
σx
where x is the signal of interest, μx is its mean, and σx its
standard deviation.
C. Data Analysis
An SCG heartbeat pattern consists of several peaks and
valleys, which may differ in amplitude and duration depending on the unique physiological/anatomical characteristics of
each subject. In addition, due to slight unavoidable body
movements, the SCG signal can contain spurious peaks and
valleys, not related to heart activity. Due to such inherent noise,
a preliminary phase is introduced, instead of simply searching
for given peaks. Candidate beats are detected according to
signal energy variations, at a local level; to do so, the following
detection signal x DET is introduced:
x DET[n] =

M−1


2
b[k] · x SCG
[n − k]

(2)

k=0

where x SCG is the preprocessed SCG signal and b[k],
k = 0, . . . , M − 1 are the coefficients of a low-pass FIR filter:
in this article, M = 256 and the cutoff frequency is 2 Hz.
In order to isolate better the actual signal from high-variance
noise, the x DET signal is further processed by means of a
sliding-window binary filter, defined as follows:

1,
if x DET (i ) ≥ μi:i− p + k · σi:i− p
x SQR (i ) =
(3)
−1, otherwise
where μi:i− p is the average computed over the last p points
( p = 30 in this article), σi:i− p the sample standard deviation,
and k is a multiplication factor that regulates how much
the sample needs to stand out against the computed window
statistics. Too low values of k imply that more peaks are
discovered, possibly including the spurious ones; on the other
hand, too high values of k might skip potential heartbeats.
Such a parameter was empirically calibrated, yielding a value
of k = 2, suitable for detecting most heartbeats for different
subjects and data sets. Positive values of x SQR indicate time
intervals suitable for including heartbeat locations. The block
diagram in Fig. 3 illustrates the processing sequence used to
obtain x DET and x SQR .
The candidates extracted from x SQR are then inspected:
simple, short rebounds are just filtered out, whereas too long
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Fig. 3. Block diagram representing the sequence of operations adopted to
obtain the signals xDET and xSQR .

or too short beat-to-beat intervals are removed by constraining
the HR range to a practical one (e.g., 40–180 beats/min) and
by imposing the relative maximum difference between the
consecutive beats. In order to search for the missed beats in a
given interval, the k parameter in (3) is lowered, and search
is performed again.
Once detected, validated candidates can then be used for
calibration purposes: an ensemble is formed from the identified
candidates (this article considers n ENS = 20 sample traces in
the ensemble). However, in order to extract a template from the
ensemble, individual beats need first to be realigned: positive
intervals in x SQR , in fact, just coarsely define beat location, and
their durations are not necessarily uniform. A sliding approach
is adopted to this purpose: at first, two candidate periods
are centered; then, a cross correlation metric is maximized,
in order to fine-tune the alignment. The extent of possible
delays τ S to maximize such a metric is chosen such that
τ S = s · σSQR

(4)

where σSQR represents the standard deviation of the identified
positive-x SQR intervals’ length and s is a multiplicative coefficient whose impact will be discussed in the results. Restricting
the set of the cross correlation delays to ±τ S reduces the risk
of misalignment and better adapts to individual subjects. Once
the samples of the ensemble are aligned, a template x SCG,T is
extracted by taking the median of such waveforms. It is worth
remarking that such a calibration procedure is performed in a
completely unsupervised way, without any involvement of the
ECG signal.
The SCG annotation phase follows the same process used
for template definition. Candidates are first identified and
refined among the positive intervals in x SQR ; then, precise
time instants are marked by maximizing the cross correlation
between the extracted template and the SCG traces in such
intervals. All the methodology’s steps are summarized as the
pseudocode in Algorithm 1.
III. R ESULTS AND D ISCUSSION
It is worth remarking here that the purpose of the present
method is not to diagnose heart diseases, for which specific
medical devices are better suited; instead, the aimed target
includes relatively healthy senior persons, whose activities
are to be continuously monitored in the context of smart
AAL systems: precise HR and HRV indicators can effectively
enhance the insightfulness of a behavioral analysis framework.
Thus, we leave major arrhythmias out of the method’s scope,
assuming a regular heart rhythm to be monitored. Under such
an assumption, it is possible to compare the performance
of the proposed methodology against the ECG reference
(i.e., the absence of ectopic beats or rhythm disturbances
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Algorithm 1 Detection of Heartbeat Events
Inputs:
• x SCG : SCG signal
Begin:
• Compute x DET and x SQR according to eq. (2) and (3),
respectively
• Calibration:
– Validate positive x SQR intervals (40 ÷ 180 bpm +
maximum relative increase/decrease)
– Compute τ S from eq. (4)
– Incrementally align sample beats from positive
x SQR intervals by means of cross correlation over
centers ± τ S
– Extract SCG beat template (median)
• Annotation:
– Validate positive x SQR intervals
– Around candidates, find the delay τ that maximally
aligns x SCG to template x SCG,P (|τ | ≤ τ S )
– Mark the corresponding time instant as heartbeat
Return index of possible heartbeats

in the examined records allows to correlate precisely the
electrical and mechanical activities of the heart). In particular,
performance will be evaluated in terms of ability to detect
heartbeats and to localize them precisely in time. The former
ability implies detecting as much beats as possible, without
causing false detections; the latter quantifies the errors in SCG
beat-to-beat intervals, with respect to the ECG-derived ones.
To perform such benchmarking, R peaks are identified in the
ECG traces by detecting the QRS complexes: this can be
accomplished by the validated and well-known Pan–Tompkins
algorithm [30]. Such R peaks are assumed as ground truth
for beat-to-beat interval times. IM/AO complexes in the SCG
(referring to Fig. 1) are selected as target for the detection
and annotation phases: SCG-derived beat-to-beat intervals are
defined accordingly. However, the delay between the R peaks
and IM/AO complexes varies from person to person. In order
to assess detection performance, such delays were manually
estimated on a per-subject basis, identifying their mean value:
this provides a reference about the expected location of the
complex, in the case of correct detection. It is worth underlying that this manual annotation was carried out with the
benchmarking purposes only and it is not used in any phase
of the actual methodology.
Detection of an SCG heartbeat is considered successful [true
positive (TP)] if it falls within a window of 100 ms from this
expected value. On the other hand, a missed beat between
two R peaks is classified as false negative (FN); finally, a beat
outside the specified tolerance window and between two R
peaks is considered as a false positive (FP). Based on these
definitions, the following metrics are introduced.
1) Sensitivity (or TP Rate), i.e., percentage of correctly
identified reference points: Sens = TP/(TP + FN).
2) Precision, i.e., percentage of TP in all detected points:
Prec = TP/(TP + FP).

Fig. 4. Variation of F1 (top) and R 2 (bottom) scores with respect to the
s parameter. Shaded area represents the interquartile range, solid lines the
median, whereas crosses represent individual performance.

3) F1 Score, i.e., the harmonic mean of precision and
sensitivity: F1 = 2(Prec · Sens)/(Prec + Sens).
Furthermore, in order to assess the agreement between the
ECG and SCG-derived beat-to-beat intervals, it is useful to
define the estimated interval errors as
ei = tRR,i − tCC,i

(5)

where tRR,i = t R,i − t R,i−1 is the ith R-R interval and
tCC,i = tSCG,i −tSCG,i−1 is the time interval between two SCG
Complexes (C-C). For convenience, let us define tRR and tCC
as the time series of the matched tRR,i and tCC,i intervals.
The following performance metrics are then used.
1) Error mean (μe ) and standard deviation (σe ).
2) Root-mean-squared error (RMSE)

 N−1
1 
RMSE = 
ei2
(6)
N
i=0

where N is the number of beat-to-beat intervals.
3) Coefficient of determination (or R 2 )


cov(tRR , tCC ) 2
R2 =
σRR · σCC

(7)

where σRR and σCC are the standard deviations of tRR
and tCC , respectively.
In Sections III-A–III-C, results are presented as follows:
first, the impact of the x SQR signal, the second-pass refinements, and the τ S parameter on the performance metrics are
analyzed; then, the overall scores are presented on both data
sets; finally, such results are discussed and compared with
current related literature.
A. Incremental Performance Assessment
As discussed before, beat detection and annotation are the
two separate tasks: for the former one, a detection signal
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was introduced in (2), with the purpose of highlighting the
high-energy portions of the SCG signal, where beats are
likely to be found. However, as described in Section II-C,
not all x DET peaks are directly related to heartbeats: the
x SQR signal in (3) was introduced with the purpose of better
highlighting candidate heartbeat locations. In order to prove
the effectiveness of this further processing step, statistical
analyses were carried out, using the CEBS database (since
it provides a larger basis of both users and heartbeats).
In particular, the performance in coarse beat detection was
compared under two different conditions: namely, by directly
setting an optimal threshold on the x DET signal (i.e., a unique
threshold on x DET that maximizes the a posteriori performance) or by using the x SQR signal as a guide. In both
cases, no second-pass refinements on anomalous beat-to beat
intervals were performed, comparing just the raw effect of
simple thresholding versus x SQR signal. Results show that the
precision score is significantly better in the latter case: on
average, an improvement from 92.2% to 98.8% is observed;
such a difference is also statistically meaningful ( p < 0.01),
as pointed out by a Wilcoxon signed-rank test on the individual
subjects’ scores. No statistically significant difference was
noted in terms of sensitivity: from those considerations, we can
conclude that the x SQR signal helps indeed in reducing FPs
without affecting the FNs.
In order to boost the sensitivity, a second-pass refinement
is performed on the candidate beats extracted from x SQR ,
as previously discussed; a comparison between not performing
versus performing such second-pass refinement shows that an
average increase of approximately 3% is achieved, in terms
of sensitivity, in the latter case. Such an improvement is
also statistically significant ( p < 0.01), as pointed out by a
Wilcoxon signed-rank test, as above.
The tests performed so far demonstrate the effectiveness of
the main beat detection steps in the proposed methodology.
Thus, keeping this part of the algorithm fixed, the impact
of the annotation phase on the detection performance is
studied as follows. Recall from (4) that a maximum span
was defined, over which alignment between a candidate beat
and the template is performed: if waveforms are not correctly
aligned, annotation is less precise. It is, therefore, relevant,
investigating how changes in τ S [in particular, changes in
parameter s of (4)] affect the F1 and R 2 scores, i.e., both
the beat detection and localization effectiveness, respectively.
In fact, small values of parameter s may limit the extent of
possible delays, resulting in poor alignment; on the other hand,
too large values increase the chance of spurious peak detection and correlations. Fig. 4 summarizes such experiments,
performed on the wider CEBS database, for s ∈ [0.5 − 8.5]:
solid line represents the median score across all subjects
(whose individual performances are reported as scattered
crosses), whereas the shaded areas depict the interquartile
range (i.e., the [25th − 75th] percentile range). As anticipated,
F1 metric is sensitive to the s parameter value: a decreasing
trend is present for the increasing values of such parameter,
also indicated by the larger interquartile range and the wider
scattering of individual performance. On the other hand,
the R 2 metric is less affected by higher values of s parameter:
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this is partly because FP and FN beats (which affect the
F1 metric) are not considered in the matched ECG and SCG
intervals; nonetheless, lower values of s do not allow proper
exploration of the SCG signal and annotation is, therefore,
less precise (resulting in lower R 2 scores). It can be noted
that a practical range of s exists, around 3.25, that maximizes
the F1 score while preserving the R 2 metric: values approach
98.5% and 99.3%, respectively.
B. Overall Performance Analysis
After analyzing the impact of different algorithm phases,
we may now assess overall performance: by considering both
CEBS and Custom data sets, a more comprehensive test
is performed, considering different scenarios and evaluating
the robustness of the proposed methodology with respect to
differences in setups (supine versus standing position; different
data acquisition instruments). It is worth further underlining
that calibration is fully self-consistent, with beat detection and
annotation of SCG traces being carried out in a completely
unsupervised way, that is, ECG is introduced here for benchmarking purposes only and does not contribute to calibration
at all.
Tables I and II show the performance figures achieved
on the CEBS and Custom data sets, respectively. On average, good performance is achieved in all reported metrics.
In particular, a high average sensitivity is achieved in both
data sets (98.5% and 99.1% for the CEBS and Custom data
sets, respectively), proving good capability to detect as much
heartbeats as possible; at the same time, the precision is
high (98.5% and 99.1% for the CEBS and Custom data sets,
respectively), demonstrating the detection capability, without
being too prone to FPs. Bearing in mind the limitation of
differently sized data sets (approximately 50 min of records
per subject for the CEBS data set and 4 for the Custom one),
statistical analysis of achieved scores was conducted to find the
differences between the two: a Mann–Whitney U-test was used
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TABLE II
S CORES A CHIEVED ON THE C USTOM D ATA S ET

for the purpose. According to such a test, the observed slight
difference in sensitivity (in favor of the Custom data set) is
indeed significant, from a statistical point of view ( p ≈ 0.01);
no difference was found, instead, in terms of precision.
High R 2 scores were achieved in both data sets (99.3%
and 98.4% for the CEBS and Custom databases, respectively):
this indicates that good agreement is obtained between the
ECG- and SCG-derived beat-to-beat intervals. The slight difference in favor of the CEBS data set is, indeed, significant,
according to the statistical test as above. Such a difference
may be partially due to the difference in the data set size:
if more points are gathered, errors tend to have less impact
on the overall score; nonetheless, we report such finding for
completeness’ sake. Further insights about ECG and SCG
correlation is given by the Bland–Altman plots in Fig. 5: each
scatter plot shows the relation between the average and the
difference in tRR and tCC , for both CEBS and Custom data sets
[Fig. 5(a) and (b), respectively]. Ideal behavior should result
in points scattered along the horizontal tRR − tCC = 0 line.
Points deviating from that trend imply measurement errors:
their RMSE value is reported (red dashed lines), together
with ±2σe (blue dotted line), whereas the average error,
representing systematic bias, is shown as a black solid line.
Overall, an rms error as low as 4.6 ms was achieved on
the CEBS data set, whereas for the Custom one, the RMSE
figure is approximately 6.2 ms: in terms of sampling interval
Ts = 2 ms, such scores are 2.3 Ts and 3.1 Ts , respectively.
The ±2σe uncertainty intervals are ±9.2 ms (i.e., 4.6 Ts ) for
the CEBS data set, ±12.4 ms (i.e., 6.2 Ts ) for the Custom
one. As observed for the R 2 score, the CEBS data set
statistically tends to perform better; however, the actual RMSE
difference between the two data sets is just slightly less than
one sampling interval (0.8 Ts ). Furthermore, the experimental
setup involved in the Custom data set is slightly more prone
to motion artifacts, given both the upright sitting position and
the less firm mechanical coupling between the accelerometer
and the subjects’ body. Overall, the achieved results prove
good robustness of the proposed methodology, with respect to
different measurement setups.
Concerning future deployment in AAL context, power consumption is relevant, since a battery-operated wearable device

Fig. 5. Bland–Altman plot of (a) CEBS and (b) custom data sets. Mean,
rms, and two times the standard deviation of errors are reported for both data
sets.

is envisioned. In order to save battery lifetime, it is important
to keep the microcontroller unit (MCU) in low power (sleep)
mode for as long as possible, thus limiting the device awakenings. To this purpose, data stream packeting and reduction
of sampling frequency are the key assets. In particular, since
the SCG signal is known to be band-limited between 1 and
20 Hz [8] and that approximately 50 Hz is sufficient to evaluate
kinetic energy in such waveforms [31], it is possible to lower
the sampling frequency. However, longer sampling periods
may affect the beat-to-beat interval measurement accuracy.
In order to explore this possibility, the Custom data set
(representing the more challenging scenario, according to the
above results) was downsampled to 100 Hz. Only a slight
performance impact was found, in absolute terms: the rms
error was found to be approximately 7.5 ms; on the other
hand, this corresponds to just 0.75 Ts , with almost 97% of
errors bounded within ±1 Ts .
C. Discussion
The present methodology looks forward to the development of a low-cost, wearable device, suitable for multidimensional monitoring and for deployment in practical
AAL environments. In this vision, the accelerometer used to
sense cardiac activity can be shared to track other relevant
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information, related to quantity and quality of movement. For
example, a simple classifier can be trained to discriminate
epochs with low motion artifacts, like the periods of rest,
from moments with more intense motion: the former set can
feed SCG analysis, whereas the latter can be used for activity
recognition and physical activity assessment purposes. In this
article, we hence focus at processing SCG information in
relatively quiet setups: in such a condition, the CEBS database
can be considered as a reliable benchmark for accuracy,
given its controlled setup and long acquisition frames. Since
the CEBS database refers to supine position, we extended
the investigation scope by accounting for sitting position as
well. Low-cost acquisition hardware was designed, and a
Custom data set was acquired. The custom setup may more
comprehensively account for the AAL use cases.
For the data set consistency’s sake, a single (dorsoventral)
SCG axis (see Fig. 2) was studied in the custom setup
(thus matching the CEBS reference system). The achieved
performance metrics improve over our previous work, focused
on SCG heartbeat annotation [10]. In particular, average sensitivity is greatly improved, from a previous 91.4% score to the
current 98.5% and 99.1% on the CEBS and Custom databases,
respectively; standard deviation is also reduced, implying a
better stability across subjects: a Mann–Whitney U -test assess
significance of such differences ( p < 0.01). Furthermore,
the current results were obtained without leveraging ECG
in the calibration phase, therefore truly achieving a fully
unsupervised and self-consistent approach, which better suits
the target use cases.
Other works used the CEBS database for validation purposes. For example, Choudhary et al. [32] explore the feasibility of AO detection by means of wavelet denoising and
Shannon energy-based detectors: average 94% and 90% scores
are reported for sensitivity and precision, respectively. However, such results were obtained on a subset of 4585 heartbeats,
which approximately represent 6.5% of the full records: in
this article, instead, no beat was discarded based on quality assessment and the full set was considered. Similarly,
Khosrow-Khavar et al. [33] report the results of SCG annotation during a lower body negative pressure test in lying
position (the monitored): 94% coverage is achieved over
approximately 21 600 heartbeats, with an annotation time error
of 9 ± 9 ms (mean ± standard deviation). In a similar setting,
Laurin et al. [9] compared the detected IM-IM intervals with
the reference R-R intervals, achieving an RMSE of 40, 71, 26,
51, and 27 ms for increasing levels of lower body negative
pressure; in turn, the average sensitivity in IM detection
is 97.2%, 93.0%, 76.9%, 61.6%, and 65.0%, respectively.
Moreover, Kaisti et al. [34] annotated the heartbeats of the
subjects lying on bed for approximately 10 min: by fusing
accelerometer and gyroscope information, they achieve high
accuracy and precision scores (99.9% and 99.6%, respectively). In this case too, approximately 6.6% of data were discarded in preprocessing, to remove potential artifacts (whereas
no temporal segments were discarded in our analysis). Authors
also achieved a mean RMSE of 5.6 ms, with a sampling rate
of 800 Hz (≈ 4.5 Ts ). The results achieved by our proposed
methodology are well compared with such works in literature,
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featuring a lower RMSE error of 4.6 ms (2.3 Ts ) for the CEBS
data set and for the Custom one, considering the equivalent
length in the sampling unit Ts .
IV. C ONCLUSION
This article presents an automated procedure for the precise detection of heart cycles from the SCG signals. The
procedure is completely unsupervised: an initial calibration
is self-performed, based on the SCG traces only. Heartbeat
detection and timing annotation are split in two subtasks. The
first one identifies the candidate beat complexes by means
of suitably defined detection signals: further refinements are
carried out to improve detection sensitivity. The second task
performs annotation, by best aligning the SCG candidate beats
to a template, extracted during calibration: a cross correlation metric is used to guide such fine alignment. The main
algorithm phases and parameters were reviewed, and their
impact over performance metrics was independently assessed.
Validation was performed on two different data sets, to assess
robustness against different acquisition setups (lying subjects
in the public CEBS database and sitting subjects in the Custom
data set). High sensitivity and precision scores were achieved
on both data sets, highlighting good ability to detect as
much beats as possible, without incurring in false annotations
and without preliminary discarding of low-quality measures.
Comparisons of beat-to-beat intervals extracted from SCG
against the ECG gold-standard show a very good agreement:
R 2 scores of 0.993 and 0.984 were measured on the CEBS and
Custom databases; furthermore, an RMSE of approximately
4.7 ms was measured (i.e., two samples), which improves over
literature. The present setup looks forward to the development
of a wearable device suitable for multidimensional monitoring,
with the same accelerometer used for SCG acquisition possibly
being exploited for physical-activity tracking tasks as well.
This would result in a versatile, inexpensive, and scarcely
intrusive device, particularly suitable for long-term monitoring
in AAL environments.
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