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Abstract

Objective: Ballistocardiogram (BCG) can be recorded using inexpensive and non-invasive
hardware to estimate physiological changes in the heart. In this work, a methodology is developed
to evaluate the impact of additive noise on the BCG signal.

Methods: A statistical model is built that incorporates subject-specific BCG morphology. BCG
signals segmented by ECG RR intervals (BCG heartbeats) are averaged to estimate a parent
template and sub-templates leveraging the quasi-periodic nature of the heart. Noise statistics are
obtained for sub-templates with respect to the parent template. Then, a synthesis algorithm with
adjustable additive noise is devised to generate sub-templates based on the individual’s parent
template and statistics. For the example use of the synthesis algorithm, the average correlation
coefficient between sub-templates and the parent template (sub-template versus parent template
approach) is tested as a signal quality index (SQI).

Results: A BCG heartbeat synthesis framework that incorporates an individual’s BCG
morphology, and physiological variability was developed to quantify variations in the BCG signal
against additive noise. The signal quality assessment of a person’s BCG recording could be
performed without requiring any a priori knowledge on the person’s BCG morphology. A data-
driven constraint on the required minimum number of heartbeats for the reliable template
estimation was provided.

Conclusion: The impact of additive noise on BCG morphology and estimated physiological
parameters can be analyzed using the developed methodology without requiring prior statistics.

Significance: This work can facilitate performance evaluation of BCG analysis algorithms
against additive noise.
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1. InTRODUCTION

THE ever increasing burden of cardiovascular disease (CVD) can be mitigated using the
recent advances in cardiovascular sensing systems that can facilitate proactive monitoring
and personalization of care [1], [2]. A promising sensing methodology is the combination of
the ballistocardiogram (BCG) and the electrocardiogram (ECG), from which the changes in
the heart’s functioning can be estimated [3]-[6].

BCG signals can be recorded using non-invasive, easy-to-use, and low-cost hardware such as
a modified weighing scale [7]-[10]. While BCG acquisition from a weighing scale may
facilitate home monitoring of the variations in the cardiovascular system, the method is
susceptible to various sources of noise. BCG signal morphology is greatly variable, which
can be due to subject-specific (personal) cardiovascular or respiratory system differences, as
well as external noise. External noise involves any noise generated outside of the functioning
of the cardiopulmonary system, e.g., motion artifacts and instrumentation noise. External
noise may be sufficiently large that it can distort the BCG morphology and reduce the
reliability of the estimated cardiovascular system parameters. Here, the reliability refers to
the accuracy and repeatability of the estimated parameters from the BCG. To the best of our
knowledge, there is no prior work that addresses modeling, synthesis, and quantification of
noise for BCG signals. The development of a computational prototype that can enable
performance evaluation of BCG feature extraction and parameter estimation algorithms with
respect to noise has been an open problem.

In this work, our objective is to develop a statistical model and devise a synthesis algorithm
to assess the sensitivity of an individual’s BCG morphology to additive noise. The statistical
model leverages the underlying quasi-periodic nature of the cardiopulmonary system with
the aid of ECG RR intervals to estimate template BCG heartbeats and statistics. The
synthesis algorithm uses the developed statistical model and incorporates an additive noise
component with adjustable statistical properties. The overall synthesis framework can
facilitate prediction of the reliability of the estimated cardiovascular parameters from BCG
by means of creating random realizations of BCG heartbeats distorted by the additive noise.
To show an example use of the developed model and synthesis algorithm, we propose a
BCG signal quality index (SQI) based on matched filtering and estimated template BCG
heartbeats to detect BCG recordings corrupted by additive noise.

[l SienaL DescripTion AND ABSTRACTION

The BCG is a measurement of the movements of the body in response to the heartbeat,
specifically, the mechanical recoil of the body against the ejected blood by the heart into the
vascular system [3]. The BCG signal can be acquired based on the vertical displacements of
a body weighing platform against gravity, while the person stands upright (Fig. 1(a)). The
ECG is a measurement of cardiac electrophysiology [11]. The ECG signal can be acquired
using gel or handlebar electrodes held by the person while standing on the weighing
platform.
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We use the conventional pre-processing of the BCG signals utilizing the ECG RR intervals
as a repeating cycles in each heartbeat [12]. Pre-processing of the BCG signal recorded over
a period of time is done in two steps. The first step is the segmentation of the BCG signal
into “heartbeats” based on the ECG RR interval (see Fig. 1(b), (c), and (d)). In this paper, we
refer to BCG signal segments between each ECG RR interval as BCG heartbeats. The
second step of pre-processing is the averaging of the each sample in BCG heartbeats over a
constant number of consecutive RR intervals (see Fig. 1(e), and (f)). We denote the averaged
BCG heartbeats across RR intervals as cycle-averaged BCG heartbeats. The data-driven
cycle averaging process preserves the dependence of the estimated template on the subject-
specific (personal) BCG morphology. This is a fundamental advantage over the a priori
determination of such properties of the signal during model development [13], [14]. Cycle-
averaged BCG heartbeats form the basis of our proposed template estimation for the
statistical modeling and synthesis of BCG signals.

The cycle-averaged BCG heartbeat is modeled incorporating the statistics of the additive
noise and the electro-mechanical delay (RJ interval). To this end, a parent template
(pseudotrue) BCG heartbeat is estimated for each subject using a//the heartbeats in the
individual’s recordings (see Fig. 1(f)). We also compute sub-templates using only a subset of
the BCG heartbeats during cycle-averaging (see Fig. 1(e)). Utilizing the developed statistical
model, an algorithm is devised for synthesis of cycle-averaged BCG heartbeats, where
synthetic additive noise is generated based on the estimated statistics with an adjustable
gain. To the best of our knowledge, this is the first attempt to develop a data-driven and
synthesis framework for BCG signals, which is an essential task to quantify the reliability of
the estimated health parameters. Additionally, we introduce a BCG SQI based on the
average of the correlation coefficient between the sub-templates and the parent template
BCG heartbeat (sub-template versus parent template approach), which can quantify the
reliability of BCG signals recorded outside of controlled environments.

TempLate EstimaTion

A. BCG Heartbeat Extraction between RR Intervals

The BCG heartbeat ¢, for each R-peak 7 is obtained by dividing the recorded BCG signal
into equal length segments with respect to the ECG R-peaks. Each consecutive R-peak
marks the beginning of the BCG heartbeat. The minimum RR interval in the ECG recording
for a human subject gives the segment size 7rg. For a sampling rate, 7, the length (L) of the

BCG heartbeat vector (C,) is L = T f,. The vector ¢, is defined as ¢, = [cﬁll), @, ~~,cflL)]T.

The total number of RR intervals in the BCG signal recording is /. Example BCG
heartbeats are illustrated in Fig. 1(d).

B. Parent Template and Sub-Template BCG Heartbeats

For statistical modeling of the additive noise and the RJ interval, we denote the sample mean
of the BCG heartbeats in the BCG recording as the pseudo-true value of the parent template
BCG heartbeat (In the literature, the parent template BCG heartbeat is also often referred to
as an “ensemble averaged” BCG). The parent template BCG heartbeat, , is estimated over
all RR intervals, NV, as
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where i = [1//(1), ---,W(L)]T. An example parent template BCG heartbeat is illustrated in Fig.

1(f). The RJ interval for the parent template BCG heartbeat, TVR/J , Is estimated as

7RV = arg max v, (2
£, €10.1,035]

where /is the discrete-time index, and 7; is the sampling rate of the instrumentation system.
The peak of the BCG’s J-wave was searched for between 0.1sec and 0.35sec of the parent
template BCG heartbeat.

Several factors can affect the cardiovascular system (e.g., respiration, physical activity, and
mental stress), and hence, the RJ interval is not constant from beat-to-beat but rather varies
throughout a given BCG recording. In our model, we assume that measurements are taken at
rest while the subject is standing upright and not moving. To mitigate the beat-to-beat RJ
interval variability, rather than analyzing the BCG heartbeats individually on a beat-by-beat
basis, we analyze averaged BCG heartbeats over a limited number of RR intervals, W, that is
smaller than the total number of RR intervals, N. These averaged heartbeats are used to
estimate sub-templates for a given BCG recording.

To obtain the RJ interval and additive noise statistics, we exploit sub-template BCG
heartbeats sg, where g is the subtemplate index. Each sub-template is composed of W
adjacent BCG heartbeats. Example BCG heartbeat sub-templates are illustrated in Fig. 1(d).
The number of sub-templates is given by = [N/W]. The sub-template, s, is estimated by
the sample mean of Wadjacent BCG heartbeats as

qW
, . @

5 =— z c
n=(@g-1)W+1

where 5 = [sgl), -~,s(qL)]T. 8, Will be used to obtain the RJ interval and additive noise

statistics with respect to .

IV. StanisticaL MobeLinG

A. Signal Model

Based on the parent template and sub-template BCG heartbeats defined in Section 111-B, the
following signal model is considered
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S = (1// + wphy) * 6(t - vRJ) +w,, @

= l//(l - Z/RJ) +w,

where s is the sub-template BCG heartbeat, y is the parent template BCG heartbeat, wppy is
the physiological variability, wey: is the external noise, * is the convolution operator, &is the
Dirac delta function, ¢is the time index (z = l/fs), W s the jitter of the RJ interval, and w

represents the total additive noise composed of both random physiological variations and
external noise as w = thy(t - z/RJ) + W, Wphy is a physiological feature and corresponds to

the variations in the BCG signal due to the normal cardiac variability over time [18]-[20].
The R term captures the physiological variation that occurs during the cardiac signal
transduction and mechanical valve operation [18]-[20]. wey: represents the external noise
which captures the motion artifacts and instrumentation noise. Addition of wypy and Weyt
terms are denoted as the additive noise w in this work. Overall, s is shifted by random delay
R and altered by additive noise w. For discrete-time calculations, time index, ¢ is
converted to sample index, /, using the sampling rate, 7, i.e., /= tf;, and the Dirac delta
function is replaced with the Kronecker delta function.

Next, we present the statistics of the RJ interval jitter, v27, and additive noise, w, using the
estimated template and subtemplate heartbeats.

B. Statistics of the RJ Interval Jitter

The RJ interval for the sub-templates is shifted by a random phase with respect to the
template BCG. For example, in Fig. 1 (c), variation of the RJ intervals among 6-beat
averaged BCG heartbeats can be observed. This random jitter is estimated for each sub-
template as

ﬁRJ — %\RJ _~RJ (5)

q 5, Ty

where the RJ interval for each estimated sub-template BCG heartbeat is given by

?EJ = arg max S 7 (6)
q l/fs €[0.1,0.35]

where the peak of the BCG’s J-wave was searched for between 0.1sec and 0.35sec of each
sub-template BCG heartbeat. The sample mean of the RJ interval random delay is obtained
as

~ 1 % ~RJ] ~RJ
=— E zoo—7 - (7
'ul/RJ n g=1 S(I 4 ( )
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The sample variance of the RJ interval random delay is computed as

C. Statistics of the Additive Noise

We study additive noise with two methods: 1) the additive noise statistics for sub-template
BCG heartbeats, and 2) the average noise power across the sub-template heartbeats.

1) Additive Noise Level in Sub-Template BCG Heartbeats: Additive noise in the
sub-template BCG heartbeats w p is estimated across the sub-template heartbeats as

w,=8 (t+ ) -5, (9)

The sample mean of the additive noise 4, is estimated across the sub-template heartbeats as
1 A RJ ~
'“w_ﬁ Z sq(t+uq )—1//. (10)

The sample variance of the additive noise 8@ is estimated across the sub-template heartbeats

as

T

a%vzdiag(nil Z] (W, — Aiy) (Wq—ﬁw)]. (11)
=

2) Average Noise Power of Sub-Template BCG Heartbeats: Average noise power
for the gth sub-template BCG heartbeat is given by

~ 1{~ =~ \T(. =
et s

where L is the length of additive noise vector w, and Ew is calculated as
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The block diagram of the sub-template BCG heartbeat synthesis algorithm is given in Fig. 2.
The algorithm performs the following steps:

1. Template and sub-template BCG heartbeats are estimated as described in Section
I11-B. Then, RJ interval and additive noise statistics are obtained as described in
Section IV-B and IV-C. Each point /in the additive noise vector w of a sub-
template BCG heartbeat is created using the estimated mean and variance in (10)
and (11), respectively, where each point /is taken to be independent and
normally distributed. Power of the randomly generated additive noise vector
during synthesis of the sub-template is normalized to unit norm (normalized sub-
template noise).

2. Noise power per sub-template BCG heartbeat is created using the noise power
obtained in (12). Then, noise power for each sub-template BCG heartbeat is
scaled with the adjustable noise gain. This noise gain can be a scalar as well as a
coloring transformation for correlated power scaling of additive noise. Power-
scaled additive noise is passed through a standard bandpass filter (0.8—20Hz)
used for BCG signal processing [16], [17], and added to the replicated parent
template BCG heartbeats toward synthesis of sub-template BCG heartbeats.

3. RJ intervals for each sub-template BCG heartbeat are randomly generated based
on the statistics obtained in (7) and (8), and using independent normally
distributed random variables. Lastly, the noise added sub-template BCG
heartbeats are shifted based on the jitter of the RJ intervals.

The developed noisy sub-template BCG heartbeat generation algorithm reflects a data-driven
approach for modeling of the electro-mechanical activity of the heart. This model can
provide a valuable tool for testing robustness of feature extraction algorithms applied to
BCG signals with different measurement durations, noise levels, and sampling frequencies.
For example, synthetic noise can be generated with different power levels and
autocorrelations to study the misdetection and false-alarm probabilities of a given technique.

B. Noise Analysis for BCG Signal Quality Assessment

We propose the average linear correlation coefficient (the sample mean of the linear
correlation coefficient) between the sub-templates and the parent template BCG signal for
the quantification of the noisiness (quality) of the BCG signal. The parent template is
expected to be correlated to the sub-templates, since the parent template is computed as the
average of the sub-templates. Assuming the subject is standing upright without moving,
respiration rate is expected to be a component of the system that may modulate the cardiac
function in a BCG recording (there are approximately 3-8 heartbeats in a complete
breathing cycle, and an increase in the rate or depth of ventilation promotes ventricular SV
[18], [21] which affects BCG morphology). Therefore, it is also physiologically expected
that the sub-templates should be correlated to the parent template. We calculate the Pearson
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correlation coefficient between the parent template and sub-templates analogously as in a
correlation receiver (matched filter) case [22].

The average correlation coefficient (o) is calculated over all of the sub-templates in a
recording as

L (W B #V/>T(sq — ”W) (14)

R TErmL P S|

p—l
n

where i, = E{y/(l)] is the sample-by-sample average of y as 4, = %ZILZ v and
py = E{s(ql)} is the sample-by-sample average of the sgas u, = %ZIZ 1s(ql).
q q

Calculation of (14) does not depend on any prior knowledge (side information) of the BCG
signal, since the parent template BCG heartbeat and sub-templates are calculated in an
online manner with the arrival of the BCG and ECG recordings. Simultaneously recorded
BCG and ECG measurements can be pre-processed as described in Section 111 to obtain the
parent template and sub-templates, then p can be directly calculated using (14) as the SQI.

A performance evaluation of the SQI defined in (14) was presented in [15] with respect to
physically simulated motion and respiratory noise. Statistics of p may need to be established
for healthy and patient populations with different CVD to minimize false positive rate during
detection of noisy BCG recordings. When repetitive measurements are not feasible, statistics
of p can be obtained using the synthesis algorithm (Fig. 2) with a unity noise gain. Using the
proposed BCG sub- template synthesis algorithm, we evaluate the impact of noise gain on
the average correlation coefficient in Section VI-G.

VI. Huwman Sussect ExperIMENTS

In this section, the template-based modeling and synthesis algorithm is tested with
experimental results based on data collected from 13 healthy subjects. Morphological
changes on the sub-template and parent template BCG heartbeat are shown for various
additive noise levels. The SQI is investigated with respect to increasing noise level using the
developed modeling and synthesis approach. Receiver operating characteristics (ROC)
curves are also obtained at various noise levels for the detection of noisy BCG recordings as
an example use of this work.

A. Experimental Setup

In the experiments, BCG and ECG signals were simultaneously recorded. The BCG signal
was recorded using a force plate for healthy subjects. The details of the instrumentation can
be found for the force plate in [17]. Three ECG gel electrodes were connected in the Lead |1
configuration on healthy subjects (see Fig. 1(a)). Subjects were asked to stand still on the
force plate for 60sec. Written informed consent was obtained from subjects, and the protocol
was approved by the Georgia Institute of Technology (protocol H13512) Institutional

IEEE J Biomed Health Inform. Author manuscript; available in PMC 2020 July 01.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Bicen et al.

Page 9

Review Board (IRB). A total of 13 subjects were used for this study (average age of 27.5

+ 5.8years, weight of 74.8 + 13.6kg, and height of 174.8 £ 10.1cm; 10 males, and 3
females). BCG and ECG signals were bandpass filtered with a passband of 0.8—20Hz and 1-
40Hz, respectively [23], [24]. To divide the recorded BCG signal into heartbeats for each RR
interval, the ECG R-peaks were detected using a threshold-based peak detection algorithm.

B. Distribution of Sub-Template Noise

In Fig. 3, histograms of the sub-template noise level are presented. Noise level in sub-
template BCG heartbeats was calculated using (9) for 6-beat averaged BCG heartbeats using
only the measured data from 13 healthy subjects. For the histogram in Fig. 3(a), each noise
level in a sub-template was standardized using its mean and variance, and a histogram was
created using the data from all subjects. A normal distribution was fit to the histogram and is
shown on the same figure. For the histogram in Fig. 3(b), each point in the sub-template
noise vector is grouped across the sub-template noise vectors from the same subject. Then,
each group was standardized based on its subject-specific mean and variance, and a
histogram was created using all of the population data. The fitted normal distribution is
shown on the same plot as well. In Fig. 3(c), histograms are plotted separately for each
subject after each point in the sub-template noise vectors was grouped and standardized
across sub-templates of corresponding subject. The same normal distribution fitted for Fig.
3(b) was also plotted.

The histograms obtained based on different computations for noise level in sub-templates
exhibit a similar shape to the standard normal distribution (the mean and the standard
deviation of the fitted normal distributions are approximately 0 and 1, respectively). These
results show that there is a good fit between the normal distribution and the histogram of
sub-template noise based on the data obtained from the human subject experiments.
Accordingly, sub-template noise levels can be reasonably modeled using estimated statistics
in (10) and (11), and a normally distributed random vector.

C. Synthesized Sub-Template BCG Heartbeats

To illustrate the synthesized sub-template BCG heartbeats using the devised algorithm (Fig.
2), we compare the morphology of synthesized sub-template BCG heartbeats for various
noise gains to the measured ones. The number of heartbeats, W, for the sub-template
estimation was set as a constant 6 beats. Since both healthy heart rate and healthy respiration
rate are wide intervals (60-100 beats per minute for healthy heart rate and 12—20 breaths per
minute for healthy respiration rate), one can typically get 3 to 8 heartbeats per breathing
cycle. Data recording from a subject was used for the illustration of an instance of the
synthesized BCG heartbeats in Fig. 4.

Morphology of the measured sub-template BCG heartbeats is presented in Fig. 4(a). To
synthesize sub-template BCG heartbeats, the algorithm presented in Section V-A (Fig. 2) is
applied to recorded BCG heartbeats. The noise statistics were calculated for sub-templates,
and accordingly the synthetic noise is added to the sub-template BCG heartbeats rather than
individual heartbeats. In Fig. 4(b), synthesized sub-template BCG heartbeats with a noise
gain of 1 are presented.

IEEE J Biomed Health Inform. Author manuscript; available in PMC 2020 July 01.
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Finally, sub-template BCG heartbeats with a noise gain of 10 are presented in Fig. 4(c). Due
to an increased noise component on the sub-template heartbeats, the J-wave morphology was
further distorted. Such distortion may hamper the ability to distinguish the peak of the J-
wave from the rest of the BCG heartbeat, and reliability of the estimated parameters (e.g., RJ
interval) could be reduced.

D. Synthesized Parent Template BCG Heartbeats

Continuing with the study of the morphology of the synthesized parent template BCG
heartbeat, in Fig. 4(d), parent template BCG heartbeats are presented. The measured parent
template BCG heartbeat is compared with the synthesized parent template BCG heartbeats
with noise gains of 1, 10, and 20. It is observed that when the sub-templates are averaged to
calculate the parent template, the noise effects may be cancelled out. However, the J-wave
morphology is still distorted and difficult to distinguish as the noise level increases for both
subjects. Hence, the estimated parameters, such as timing and amplitude of the J-peak would
likewise be altered, and ultimately the accuracy of J-peak detection algorithms would be
compromised.

E. Convergence of the Average Correlation Coefficient and BCG Measurement Length for
Parent Template Estimation

In Fig. 5, the average correlation coefficient of cumulatively averaged BCG heartbeats to the
parent template BCG heartbeat is shown for 13 subjects. The linear correlation between the
cumulative average of BCG heartbeats to parent template reaches approximately 1, after
more than 40 heartbeats are included in the cumulative average. When the number of
heartbeats included in the cumulative average is 5 or greater, the correlation coefficient
increases with a slower rate, however, eventually converges to 1. Therefore, addition of more
heartbeats to the cumulative average provides small improvement for the estimation of the
parent template. This saturation in the average correlation coefficient supports the conjecture
that to estimate the parent template BCG heartbeat reliably, there should be at least 40
heartbeats in the BCG recording (Fig. 5).

F. Distribution of Correlation Coefficient and Memoryless Property of Sub-Templates

To study the distribution of the correlation coefficient between the parent template and a
sub-template, £ is defined as 1 - the correlation coefficient between the parent template and
a sub-template. To obtain the histogram, & was computed using measurements from 13
healthy subjects, and was standardized for each subject. In addition, the probability density
function of the exponential distribution with a mean of 0.08 is also presented alongside the
histogram in Fig. 6. This result shows that & can be modeled using the exponential
distribution when the subject is at rest. The mean of the distribution may depend on subject-
dependent variances in the cardiopulmonary system (both cardiac-cycle and breathing-
cycle). Moreover, the sample mean, e.g., averaging performed in (14), is the unbiased
maximum likelihood estimator for the mean of the exponential distribution.

Changes in the cardiovascular system during measurement and motion artifacts may also
affect the value of the & However, the fit between the histogram of £ and exponential
distribution points out the memoryless property of the correlation coefficient such that, if the
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& is conditioned having a specific earlier value, the distribution of £ is the same as the
original unconditional distribution when the subject is at rest.

G. Noise Analysis based on Average Correlation Coefficient

Here, we investigate the average correlation coefficient between sub-templates and the
parent template with respect to the additive noise gain in a subject-by-subject manner. The
synthesis algorithm presented in Section V-A was used to create BCG heartbeats distorted
by noise. The BCG SQI as described in Section V-B (average sub-template correlation to
parent template) was used for quantification of the distortion in the estimated BCG parent
template. The parent template BCG heartbeat is estimated for each of the synthesized BCG
sub-templates of each subject based on the adjusted noise level, and then the correlation
coefficient was calculated for the corresponding noise level. Therefore, results only depend
on the personal statistics without requiring any prior measurement. Simulations were
performed at different cycle lengths (6 and 12 heartbeats). Since the synthesis algorithm uses
random number generation for the RJ interval and additive noise, simulations were repeated
100 times for each noise level, each cycle length, and each person. Then, the average
correlation coefficient is calculated along with the standard deviation.

In Fig. 7, noise analysis results are presented based on experiments with 13 subjects. For the
original measurements, the average correlation coefficient is represented with a noise gain
equal to 0. For the original measurements case, there are no error bars in the plots, since
these correlation coefficients were obtained using measured data. When the noise gain is
equal to 1, the average correlation coefficient of synthesized templates may increase
compared to the average correlation of measured templates. This is due to the fact that the
synthesized sub-templates can be smoother than the measured sub-templates, since they are
generated based on the same parent template for each person. The smoothening feature of
the synthesis algorithm can also be observed comparing the measured sub-templates in Fig.
4(a) and the synthesized sub-templates in Fig. 4(b). As noise gain is increased from 1 to 50,
the average correlation coefficient is observed to be strictly decreasing for all subjects in Fig.
7.

When fewer beats are used to generate a sub-template, increasing the noise gain has a
stronger adverse effect on the signal. This trend can be seen by the faster rate of reduction of
the average correlation coefficient (BCG SQI) with fewer heartbeats. Moreover, the variance
of the average correlation coefficient increases as the noise gain is increased for all sub-
template sizes.

H. Application to Detection of Noisy BCG Measurements

Here, we, first, study the ROC curves for the detection of the noisy BCG signals using the
proposed BCG SQI in Section V-B. To calculate the ROC curves, we define decision
variable 6as 8= 1-p. As the noise level increases, the BCG signal is expected to have a
lower p, and hence, higher 6. Detection of noisy BCG signals is a statistical hypothesis
testing problem, with the null 7, and alternative % hypotheses as

IEEE J Biomed Health Inform. Author manuscript; available in PMC 2020 July 01.



1duosnue Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Bicen et al.

Page 12

 ,:Usable BCG Measurement  (15)
# |:Noisy BCG Measurement

and the decision rule is given by

0 (16)

v N
=

where y is the decision threshold.

1) Calculation of ROC Curves: Ppand Prare calculated below to show example use
of the proposed modeling, synthesis, and noise analysis framework. The probability of false
alarm (false positive) is defined as [22]

Pp= fy ooP(9|7/0). 17

The probability of detection (true positive) is defined as [22]

P, = fy “por). (19)

SQI calculation uses the average correlation coefficient in a recording instead of an
individual correlation coefficient.

The average correlation coefficient is the linear addition of individual correlation
coefficients and subsequent division by a scalar. By the law of large numbers, when these
individual correlation coefficients are added, the sum divided by a scalar (the distribution of
the sample mean) is expected to converge to a Gaussian distribution. Therefore, we assume
@is Gaussian distributed to study ROC curves. Given the false alarm probability, the
decision threshold, y, is obtained by

v =E{01% )} + [Var(0]7 )@~ (P),  (19)

where @ is the Q-function.E{6|7,} and Var(¢|7 ) are calculated using the synthesis

algorithm (Fig. 2) with a noise gain of 1. Using (18) and (19), the probability of detection is
calculated as
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v—E{01% |}

Pp=1-0———
b Var[0|7 |}

), (20)

where E{0|7, } and Var(6|7 ) are calculated using the synthesis algorithm (Fig. 2) with

various noise gains from 5 to 40. To obtain Fig 8, Prvalues were swept from 0 to 1 in (19)
to obtain decision threshold y for each Pr. Then, the corresponding #p value for each Pr
was calculated using (20).

2) Detection of Noisy Recordings: In Fig. 8(a) and (b), we evaluate the probability of
detection (Pp) of a noisy recording with respect to the probability of a false alarm for
different sub-template sizes of 6-beat and 12-beat, respectively. For the sub-templates made
of 6 heartbeats, the detection probabilities are higher for the same false alarm probability
compared to the sub-templates made of 12 heartbeats. This points out that lower cycle length
selection leads to better noisy recording detection performance. As the noise gain increases
from 5 to 40, the detection probability also increases. Accordingly, the proposed BCG SQI
based on average correlation coefficient can be useful to distinguish noisy BCG
measurements.

Additionally, through experimental studies in [15], we showed that the proposed SQI
provides statistically significant distinguishability (p <0.01) for the BCG recordings where
noise was physically simulated for motion artifacts, and physiological variation (speaking
and deep breathing), i.e., Wext and Wppy, respectively, in (4).

|. Discussion

Outside-of-clinic monitoring of cardiovascular health and performance can enable
preventative care, improve continuity of care for patients with chronic health conditions such
as heart failure, and allow personalized adjustment of care based on patient state [1], [2]. A
major challenge in home monitoring of cardiovascular health using any non-invasive
technology is the reliability of the measured signals (it is not obvious from a measurement
which components are “signal” and which are “noise”). Thus, the proposed modeling,
synthesis, and noise analysis framework aims to provide a computational prototype toward
mitigating the potential errors in the health parameters and patient state information derived
from the BCG recordings.

1) Main Results:

We outlined a novel statistical methodology that addresses signal modeling, synthesis, and
noise analysis for BCG signals obtained on a modified weighing scale platform and given
ECG R-peaks. Distinctive results of our work are summarized below.

. We have outlined a framework based on subject-specific statistics, which can be
used to quantify the noisiness of a person’s BCG recording automatically
without requiring any a priori information regarding the person’s BCG and ECG
signals or health (Section Ill, 1V, and V).
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. We have provided a data-driven determination of the minimum number of
heartbeats required to perform template-based statistical modeling of a BCG
recording (Fig. 5).

. Using a synthetic model for BCG heartbeat, we showed matched filtering can be
used to detect the distortion in the BCG signal due to noise (Fig. 7).

2) Applications:

Our proposed statistical model and synthesis algorithm for cycle-averaged BCG heartbeats
takes into consideration the periodic nature of the cardiopulmonary system, such as the
periodicity of heartbeats and breathing, and provides an opportunity for assessment of noise
in the BCG signals. Two unique aspects of our work are that it does not depend on
population-wide training, and it provides subject-specific modeling that facilitates
personalized noise assessment.

In addition, quantification of the noise (the difference between sub-templates and the parent
template) could be useful to evaluate differences caused by respiration on the BCG signal.
The physiological reasoning behind this is that several parameters of cardiovascular
mechanics are modulated by breathing due to the changes associated with inhalation/
exhalation [18]-[20]. Accordingly, the BCG morphology is also expected to change. We
studied the effects of respiration (specifically, via speaking and deep breathing) on BCG
signal in more detail in [15].

Using the synthesis algorithm we proposed, we obtained the statistics for true and false
detection of noisy BCG recordings in Fig. 8. The developed synthesis algorithm provided an
opportunity to create multiple realizations of the BCG response from the same subject. We
only used one measurement from each subject, and applied our synthesis algorithm. Then,
we obtained ROC curves for each subject, and averaged ROC curves over the population for
the compactness of presentation. Our modeling and synthesis framework was useful to
obtain those plots.

3) Constraints:

The proposed methodology assumes that the subject is at rest, such that heart rate remains
quite stable (the subject remains in a steady-state condition). This constraint is in line with
the scenario of longitudinal monitoring of the clinical state of patients with heart failure
outside of the clinic. Each individual BCG recording can be taken daily in uncontrolled
settings at home while the patient is standing still and at rest, and a relatively stable heart
rate can be expected. The changes in BCG signals can then be tracked across many such
recordings, each of which are taken with stable heart rate. For the computation of the SQI,
equal weight is given to each correlation coefficient in (14) under the assumption that the
subject is at rest. When there exists an established memory model for the correlation
coefficient between the sub-templates and the parent template, use of equal weighting could
provide inferior performance compared to the use of optimal weights for combination (for
example, with respect to physical activity and exercise recovery).
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4) Future Work:

VII.

Adjustable noise gain in the synthesis algorithm can be extended by a coloring
transformation to reflect the desired correlation property for additive noise. A more detailed
description of the noise characteristics can be incorporated by the covariance matrix which
can be estimated by repetitive testing from the same subject under multiple noisy scenarios
(e.g., motion, speaking, changes in autonomic state, etc.). In future work, estimation of the
correlation matrix for the sub-template BCG heartbeats can be studied to obtain detailed
statistics of the additive noise, which would require longer duration and repeated
measurements for characterization.

While our modeling and synthesis framework was useful to obtain ROC curves in Fig. 8,
there is a need for evaluation over a larger set of recordings with manually annotated noisy
and usable recordings, which is an important step for future work. The average correlation
coefficient (sample mean of the linear correlation coefficient) can be modeled reasonably by
a Gaussian distribution. Additionally, the distribution for the true detection in (20) can be
tuned for the targeted specific noisy scenarios according to subject-specific correlation
coefficient statistics after repetitive testing with each individual subject.

At this stage, we only target scenarios where the subject remains in a steady-state condition,
which can have strong clinical relevance. Our work may be extended to exercise recovery by
applying multiple parent templates, however, this would require further data collection from
the same subjects for reliable template estimation and increase the complexity.

ConcLusion

Long-term monitoring of the cardiovascular systems outside of clinical settings is important
for assessing wellness and may provide progress towards personalized medicine. In this
paper, a cycle-averaged statistical model is proposed for BCG heartbeats incorporating
individualized statistics. A template-based synthesis algorithm is presented where the
additive noise element can be adjusted to reflect any correlation relation in and inter BCG
heartbeats. To utilize the proposed modeling and synthesis approach, no side information
(any prior knowledge) on the BCG signal is required. Finally, a metric for BCG signal
quality assessment is proposed, and the impact of noise level is evaluated using the data
obtained from experiments. The developed framework can be used to assess the
effectiveness of BCG signal processing algorithms, e.g., probabilities of mis-detection and
overall false-alarm rates can be characterized with respect to various additive noise levels.
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Fig. 1.

Placement of BCG and ECG sensors on a human subject (a) (to adapt this system for home
use, a modified weighing scale could be used as BCG sensor, and the ECG gel electrodes
could be replaced with handlebar electrodes). Traces of synchronized ECG and BCG
measurements in (b), and RJ interval for a single BCG heartbeat in (c) (amplitudes of signals
are scaled for ease of demonstration). BCG responses: beat-by-beat (d), 6-beat averaged
(sub-templates) (e), and all-beats averaged (parent template) (f).
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Fig. 3.
Histograms of noise level in the sub-template BCG heartbeats based on measured data from

13 subjects, and the fitted normal distribution is shown with a solid red line. In (a), each sub-
template was standardized, and histogram was created using the all population data. In (b),
for each subject, each point in the sub-templates was standardized across sub-templates of
the corresponding subject, and the histogram was created using all of the population data. In
(c), histograms are plotted separately for each subject after each point in the sub-templates
was standardized across sub-templates of the corresponding subject.
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Fig. 4.
Morphology of sub-template and parent template BCG heartbeats. These results were

obtained based on measurements from a healthy subject. Measured sub-template BCG
heartbeats in (a). Instances of the synthesized sub-template BCG heartbeats with unity noise
gain (b). Instances of the synthesized sub-template BCG heartbeats with noise gain of 10 in
(c). Comparison of the measured parent template BCG with synthesized instances of parent
template BCG heartbeat for various noise gains in (d).
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Fig. 5.
Convergence of the correlation coefficient between the cumulatively averaged BCG

heartbeat and parent template BCG heartbeat with respect to number of heartbeats in the
cumulative average for 13 subjects (each line represents one subject).
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Fig. 6.
Histogram of & (1-linear correlation coefficient between the parent template and a sub-

template) based on measured data from 13 subjects. The exponential distribution with a
mean of 0.08 is shown with red dashed lines.
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Fig. 7.
The average correlation coefficient (o) is presented with respect to the increasing noise gain

based on experiments with 13 healthy subjects. Sub-templates composed of 6 and 12
heartbeats are used. Noise gain equal to 0 represents the average correlation coefficient for
the original measurement. For noise gain equal to 1 to 50, p for each subject was normalized
with respect to the original measurement value. Then, mean across the population was
presented with error bars presenting the standard deviation.
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Fig. 8.

RCg)C curves for healthy subjects in (a) and (b), where sub-templates were made of 6 and 12
BCG heartbeats, respectively. ROC curves were obtained for each subject at each noise level
separately, and then averaged across the population for compactness of presentation. The
area under the receiver operating characteristics curve (AUC) is given in the legend for each
noise level.
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