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7) ABSTRACT

Methods and systems are described for sensing and recovery
of a biological signal using generative-model-based com-
pressive sensing. A transformation is applied to sparsify the
quasi-periodic signal removing morphology parameters and
leaving temporal parameters. The sparsified signal is
sampled and the sampled signal data is transmitted to a base
station. A homotopy recovery algorithm is applied to the
received sampled signal data by the base station to recover
the temporal parameters of the biological signal. Generative
modelling is applied using previously captured morphology
parameters to generate a reconstructed signal. Finally, the
reconstructed signal is adjusted and scaled based on the
recovered temporal parameters to provide a reconstructed
signal that is diagnostically equivalent to the original bio-
logical signal.
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COMPRESSIVE SENSING OF
QUASI-PERIODIC SIGNALS USING
GENERATIVE MODELS

RELATED APPLICATIONS

[0001] This application claims the benefit of U.S. Provi-
sional Patent Application No. 62/409,678, filed Oct. 18,
2017, and entitled “COMPRESSIVE SENSING OF
QUASI-PERIODIC SIGNALS USING GENERATIVE
MODELS,” the entire contents of which are incorporated
herein by reference.

STATEMENT REGARDING FEDERALLY
SPONSORED RESEARCH

[0002] This invention was made with government support
under R21 EP019202 awarded by the National Institutes of
Health. The government has certain rights in the invention.

BACKGROUND

[0003] The present invention relates to systems and meth-
ods for monitoring biological signals (for example, ECG
signals) in “free living” conditions.

SUMMARY

[0004] Continuous cardiac monitoring in free living con-
ditions is useful for diagnosis of diseases, evaluation of
post-operative progress, and also for general physical health
and wellbeing. For instance, continuous cardiac monitoring
can be used in exercise applications to provide accurate
estimate of calories burnt in an exercise bout. However, a
free living scenario imposes a number of significant
unsolved challenges. In some implementations, wearable
cardiac sensors sense data at a recommended sampling rate
(e.g., a Nyquist rate) and transfer it to the smartphone
through Bluetooth. The smartphone runs processing algo-
rithms to recover the data and either displays the data or runs
one or more diagnostic algorithms. The smartphone is used
as an intermediate storage and computation hub, before the
data is stored in the cloud server. However, in a free living
condition for instance when the user is exercising, the user
may not have the smartphone in close proximity to the
wearable sensor. Hence, the connection between smartphone
and the wearable sensor can be intermittent possibly result-
ing in monitoring interruptions at critical times.

[0005] The introduction of smartwatches as wearable
alternatives to smartphones, may improve continuous moni-
toring since it is more easily worn along with the cardiac
sensors and hence always within communication range of
the sensor. The watch can act as an emergency source of
storage and computation when the smartphone is not avail-
able. However, the computation, storage, and battery con-
straints of the smartwatch impose limitations on its usage as
display and data recovery hub. In some implementations, the
smartwatch is used only during scenarios when the smart-
phone is not nearby. Compression techniques that enable
sensing at lower frequencies than theoretically required and
reduce communication through the usage of signal models
can potentially facilitate continuous cardiac monitoring dur-
ing free living conditions. By reducing the sample size, the
execution time of the data processing algorithms might also
be reduced.

[0006] Two examples of compression techniques include
a) compressive sensing (CS) that allows accurate recovery
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of signals with fewer samples than Nyquist rate and b)
generated model based resource eflicient monitoring (GeM-
REM), which compares a signal with a pre-learned model
and reduces data transmission if signal matches model. On
one hand CS provides sensing reduction but has a complex
recovery method, which makes it inefficient with respect to
energy and storage requirements when implemented in a
smartwatch or a smartphone. On the other hand, GeMREM
provides no sensing reduction and requires the sensor to
process the data and match with a model, but it gives orders
of magnitude more communication reduction than CS and
has a relatively simple recovery algorithm. The lightweight
recovery algorithm enables resource efficient execution of
GeMREM in a smartwatch or smartphone.

[0007] Various embodiments of the invention as described
herein combine the notion of CS and GeMREM to provide
a novel generative model based compressive sensing
(GenCS), which provides high order of sensing compression
with simple sensors, and resource efficient recovery. In some
embodiments, the GenCS method is implemented using
Shimmer2r sensors, an android smartwatch, and a Nexus 5
smartphone.

[0008] In one embodiment, the invention provides a
method for sensing and recovery of a biological signal. A
transformation is applied to sparsify the biological signal
removing morphology parameters and leaving temporal
parameters. The sparsified signal is sampled and the sampled
signal data is transmitted to a base station. A homotopy
recovery algorithm is applied to the received sampled signal
data by the base station to recover the temporal parameters
of the biological signal. Generative modelling is applied
using previously captured morphology parameters to gen-
erate a reconstructed signal. Finally, the reconstructed signal
is adjusted and scaled based on the recovered temporal
parameters to provide a reconstructed signal that is diag-
nostically equivalent to the original biological signal.

[0009] In another embodiment, the invention provides a
monitoring system including a wearable sensor device with
a sensor configured to detect the quasi-periodic signal and a
wireless transmitter. The wearable sensor device is config-
ured to apply a transformation to generate a sparsified signal
based on the quasi-periodic signal. The sparsified signal
includes termporal parameters of the quasi-periodic signal,
but omits morphology parameters of the quasi-periodic
signal. The wearable sensor device then samples the spar-
sified signal and transmits the sampled sparsified signal
through the wireless transmitter to a base station device for
recovery of the quasi-periodic signal.

[0010] In some embodiments, the base station is config-
ured to receive the sampled sparsified signal and recover the
temporal parameters of the quasi-periodic signal from the
sampled sparsified signal. The base station then generates a
reconstructed signal shape using previously captured/stored
morphology parameters and generates a reconstructed signal
by adjusting and scaling the reconstructed signal shape
based on the recovered temporal parameters. In some
embodiments, the reconstructed signal is diagnostically
equivalent to the quasi-periodic signal.

[0011] Other aspects of the invention will become appar-
ent by consideration of the detailed description and accom-
panying drawings.
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BRIEF DESCRIPTION OF THE DRAWINGS

[0012] FIG. 1 is a block diagram of a signal monitoring
system according to one embodiments.

[0013] FIG. 2A is a functional block diagram of a signal
monitoring system communicating with a base station with
an intermediate communication device.

[0014] FIG. 2B is a flowchart of a method for facilitating
communication in the configuration of FIG. 2A.

[0015] FIG. 3 is a table listing examples of temporal and
morphology parameters in an ECG signal and statistics
regarding the accuracy of recovery of those signal param-
eters using Compressive Sensing and Generative Modelling.
[0016] FIG. 4 is a flowchart of a method for monitoring
and reconstructing a signal using compressive sensing.
[0017] FIG. 5 is a flowchart of a method for monitoring
and reconstructing a signal using generative modeling.
[0018] FIG. 6 is a flowchart of a method performed by a
sensing device for capturing signal data using the generative
modeling technique of FIG. 5 and transmitting data to a base
station for reconstruction of the captured signal.

[0019] FIG. 7 is a flowchart of a method performed by a
base station for reconstructing the signal using the genera-
tive modeling technique of FIG. § and data received from
the sensing device in the method of FIG. 6.

[0020] FIG. 8 is a flowchart of a method for capturing and
reconstructing a signal using Generative Model-Based Com-
pressive Sensing (GenCS).

[0021] FIG. 9 is a series of graph illustrating (A) a raw
ECG signal, (B) the ECG signal filtered to remove mor-
phology parameters, (C) the temporal parameters of the
ECG signal captured using the GenCS method of FIG. 8, and
(D) a diagnostically equivalent ECG signal reconstructed
using the method of FIG. 8.

[0022] FIG. 10 is a schematic diagram of a signal moni-
toring system as used in one example.

[0023] FIG. 11 is a graph of temporal parameter estima-
tion error with respect of compression ratio using the GenCS
method of FIG. 8.

[0024] FIG. 12 is a table of the accuracy of the GenCS
method of FIG. 8 and a Compressive Sensing (CS) method
in recovering ECG shape parameters.

[0025] FIG. 13 is a graph of execution time of the recovery
algorithm for a smart-watch and a smart-phone with respect
to compression ratio.

[0026] FIG. 14 is a graph of energy consumption of
compressive sensing recovery algorithms in a smartphone.
[0027] FIG. 15 is a graph of accuracy and lifetime com-
parison for generative model based CS and sample-by-
sample CS.

DETAILED DESCRIPTION

[0028] Before any embodiments of the invention are
explained in detail, it is to be understood that the invention
is not limited in its application to the details of construction
and the arrangement of components set forth in the follow-
ing description or illustrated in the following drawings. The
invention is capable of other embodiments and of being
practiced or of being carried out in various ways.

[0029] FIG. 1 illustrates an example of a system for
sensing biological signals under “free living” conditions. A
wearable sensor device 101 includes a sensor electronic
processor 103 and a sensor memory 105. The sensor
memory 105 includes a non-transitory, computer-readable
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memory configured to store data and instructions that are
executed by the sensor electronic processor 103 to provide
functional operation of the wearable sensor device 101 (e.g,,
as described herein). The wearable sensor device 101 also
includes a sensor 107 configured to capture biologic signal
data and provides the sensed signal data to the sensor
electronic processor 103 either directly or through a sensor
input/output module 109. In some implementations, the
sensor input/output module 109 includes a wireless trans-
mitter and the wearable sensor device 101 is configured to
transmit signal information to a base station 111 through the
sensor input/output module 109. The base station 111
includes a base station input/output module 117, including,
for example, a wireless receiver (or transceiver), for receiv-
ing data from the signal sensor 101 and a base station
electronic processor 113 and base station memory 115 for
analyzing the received signal.

[0030] In some implementations, the sensor 107 is incor-
porated into the same housing/device as the rest of the
wearable sensor device 101. However, in other implemen-
tations, the sensor 107 is a separate component worn by the
user that is configured to transmit sensor data to the sensor
electronic processor 103 through a wired or wireless com-
munication channel. For example, the wearable sensor
device 101 may include a wrist worn device with a sensor
mounted on the underside in contact with the skin of the
user. In another example, the sensor 107 can include one or
more ECG sensor leads coupled to the user’s body in wired
communication with the sensor electronic processor, which
may be housed, for example, in a belt pack or wrist-worn
housing.

[0031] In some implementations (such as those examples
discussed above), raw signal data is received, processed, and
transmitted directly to the base station by the wearable
sensor device. However, in other implementations, the wear-
able sensor device 101 may be configured to transmit the
signal data to the base station through an intermediate
communication device. In the example of FIG. 2A, a cardiac
sensor device 201 is worn by the user to capture physiologi-
cal data. The cardiac sensor device 201 is configured to
transmit sensed signal data to a Smart Phone 203 (operating
as the “base station”). Once the signal data is received by the
Smart Phone 203, the Smart Phone 203 can upload the signal
data to a cloud services and/or a remote server 205 for
storage and, in some cases, further processing.

[0032] In this example, the cardiac sensor device 201 is
equipped with a Bluetooth transceiver and, when the cardiac
sensor device 201 is within range of the Smart Phone 203,
it can communicate physiological signal data directly to the
Smart Phone 203 (via wireless communication connection
“A”). However, because the user might not always carry the
Smart Phone 203—for example, while exercising—the Blu-
etooth connection between the cardiac sensor device 201
and the Smart Phone 203 can be intermittent, weak, or
non-existent. Accordingly, in this example, the cardiac sen-
sor device 201 is configured to transmit sensor data to the
Smart Phone 203 through a Smart Watch 207 that is worn by
the user (via wireless communication channel “B”). Because
the Smart Watch 207 is worn by the same user as the
wearable sensor device 201, a stronger and more reliable
Bluetooth connection can often be established between the
smart watch 207 and the wearable sensor device 201.
Furthermore, the smart watch 207 may be configured to
utilize other communication protocols in addition to Blu-
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etooth including, for example, WiFi or 4G LTE to establish
a wireless communication connection with the smart phone
203. In some situations and configurations, the smart watch
207 is able to establish wireless communication with the
smart phone 203 even when the wearable sensor device 201
is unable to do so (e.g., when the user is not carrying the
smart phone 203). The smart watch 207 relays the physi-
ological signal data from the wearable sensor device 201 to
the smart phone 203 (via wireless communication connec-
tion “C”). The smart phone 203 stores, processes, and
displays data based on the receive physiological signal data
and, in some implementations, further relays the information
to a cloud services or a remote server 205 (via wireless
communication channel “D”).

[0033] Insomeimplementations, a wearable sensor device
(e.g., cardiac sensor device 201) may be configured to only
communicate directly with a base station (e.g., smart phone
203). In some such implementations, the wearable sensor
device may be configured to store some or all of the sensed
signal data to a memory of the wearable sensor device until
a wireless connection with the base station can be estab-
lished (e.g., wireless communication link “A” in the
example of FIG. 2A). Conversely, in other implementations,
the wearable sensor device (e.g., cardiac sensor device 201)
may be configured to only communication with the base
station (e.g., smart phone 203) indirectly through an inter-
mediate communication device that is also worn by the user
(e.g., smart watch 207). In some of these implementations,
the intermediate communication device may be configured
to store some or all of the sensed signal data to a memory of
the intermediate communication device until a wireless
connection between the intermediate communication device
and the base station (e.g., wireless communication connec-
tion “C” in the example of FIG. 2A) can be established.

[0034] In still other implementations, the wearable sensor
device (e.g., the cardiac sensor device 201) may be config-
ured to transmit sensed signal data directly to the base
station (e.g., smart phone 203) when a wireless connection
can be established directly with the base station (e.g.,
wireless communication connection “A” in FIG. 2A) and to
transmit the sensed signal data to the intermediate commu-
nication device (e.g., smart watch 207) (e.g., via wireless
communication connection “B” in FIG. 2A) when the wire-
less connection directly to the base station cannot be estab-
lished. The intermediate communication device (e.g., smart
watch 207) will then store the received signal data until a
wireless connection can be established between the inter-
mediate communication device (e.g., smart watch 207) and
the base station (e.g., smart phone 203 }—at which time the
intermediate communication device would transmit the
stored signal data to the base station (e.g., via wireless
communication connection “C” in FIG. 2A).

[0035] FIG. 2B illustrates one example of a method for
communicating sensed signal data to the base station using
the smart watch as an intermediate communication device.
The wearable sensor device 201 monitors a quasi-periodic
signal (e.g., an ECG signal of the user) (step 211). The
wearable sensor device 201 then determines whether wire-
less communication between the wearable sensor device 201
and the smart phone 203 is available (step 213). If the
sensor-to-smart phone wireless connection (e.g., wireless
communication connection “A” in FIG. 2A) is available,
then the wearable sensor device 201 transmits the signal data
directly to the smart phone 203 (step 215). However, if the
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sensor-to-smart phone wireless connection is not available,
then the ECG sensor device 201 transmits the signal data to
the smart watch 207 (step 217). The smart watch 207 stores
the received signal data (step 219) and determines whether
wireless communication between the smart watch 207 and
the smart phone 203 is available (step 221). If the smart
watch-to-smart phone connection is available, then the smart
watch transmits the signal data to the smart phone (step
223). Otherwise, the smart watch 207 continues to store the
signal data until the smart watch-to-smart phone wireless
connection can be established or, in some implementations,
until the amount of signal data stored on the memory of the
smart watch 207 exceeds storage limit.

[0036] Systems and methods outlined in this disclosure
provide mechanisms for capturing/sensing physiological
data and communicating that sensed data to a base station.
In some examples, the systems and methods described
herein provide a generative-model-based compressive sens-
ing (GenCS) that reaps the synergistic benefits of Compres-
sive Sensing (CS) and Generative Modelling (GeMREM)
thereby enabling continuous monitoring and data processing
in a wearable sensor/processing environment such as, for
example, the system using the Smart Watch illustrated in the
example of FIGS. 2A and 2B.

[0037] Because the resource limitations of a Smart Watch
do not allow long term monitoring, in some implementations
the smart watch offloads the data processing to a smart
phone. An optimized implementation might balance various
requirements including: (1) accuracy of recovery (the data
recovered from the sensor at the smartwatch should be at
least diagnostically accurate as compared to the un-com-
pressed sensed data), (2) execution time (the data recovery
algorithm from compressed data is a computationally com-
plex 1, minimization problem. A thread executing the 1,
minimization problem may take more time than the total
amount of time for which data was sensed), and (3) energy
consumption and battery lifetime (The recovery algorithm
thread may consume high power and combined with the
execution time it may result in prohibitively high energy
consumption. This may lead to reduced lifetime of the
smartwatch). These benefit trade-offs are governed by the
compression ratio of the GenCS algorithm. As the compres-
sion ratio increases, the amount of sensed data decreases
resulting in faster execution of the recovery algorithm,
reduction in power consumption and increase in battery
lifetime. However, it may cause a decrease in accuracy. As
discussed further below, the GenCS can be tuned to provide
fast and energy efficient data recovery while maintaining the
required diagnostic accuracy.

[0038] The table of FIG. 3 lists several morphological and
temporal parameters that might be used for measuring ECG
data reconstruction fidelity. Because the error metric of
mean square error may not be a suitable way for determining
accuracy of ECG signal reconstruction, the table of FIG. 3
provides a comparison of the parameter error using GeM-
REM techniques and using CS techniques. As illustrated in
this example, the GeMREM technique is more accurate in
preserving shape properties of ECG signals (i.e., morphol-
ogy parameters) while CS is more accurate in recovering
temporal properties.

[0039] FIG. 4 illustrates a technique for sensing and
reconstruction of an ECG signal using compressive sensing

(CS). Consider a compressible signal xeR” that has a sparse

representation c.e R ” on a certain orthogonal basis ®eR ™™
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given as x=0a, a is a k-sparse vector that contains only k
non-zero elements. Given a random sensing matrix e

R ™" the measurement signal yeR ™ is given by
1=0x=0q, (1)

[0040] As long as the sensing matrix © satisfies the
Restricted Isometry Property (RIP) of order 2 k, the signal
information a can be well preserved by the random encoding
(RE) scheme in Equation 1. This holds true even if the
sensing matrix © is an underdetermined matrix (m<n),
which represents a dimensionality reduction from R” to R™.
Therefore, the random sample is a compressed representa-
tion of the signal coeflicient a that is encoded by A=0®. A
sensing matrix randomly generated from Bernoulli distribu-
tions can also satisfy the RIP of order 2 k for m=O(k*log
(n/k)). Accordingly, the undersampling ratio (m/n) or com-
pression ratio (n/m) achievable by compressive sensing is
proportional to the signal sparsity k on the chosen basis 1.
[0041] To recover the sparse coeflicient a (original signal
x can be then reconstructed as x=®a), we need to solve the
underdetermined linear equation in Equation 1. By utilizing
the sparsity condition as prior knowledge, a can be exactly
recovered by solving the sparse approximation (SA) prob-
lem (1, pseudo-norm minimization) defined as

min||elly, subject to ||y — G)(Duz”% =/ 2
@

where € is an error tolerance term to enhance the recon-
struction robustness considering that the random sample is
contaminated by an additive noise. The SA problem is to find
the sparsest vector out of the solution space of ly-@®a/|,>0.
Although the SA problem in Equation (2) is NP-hard, its
solution can be robustly estimated by either heuristic meth-
ods such as orthogonal matching pursuit (OMP) or linear
programming through the relaxation to a basis pursuit (1,-
norm minimization) problem.

[0042] FIG. 5 illustrates the GeMREM sampling and
recovery mechanism. FIG. 6 illustrates a method for sensing
and transmitting signal data according to GeMREM and
FIG. 7 illustrates a method for recovering the signal. In some
implementations, the wearable sensor device (e.g., ECG
sensor 201) or the intermediate communication device (e.g.,
smart watch 207) may be configured to perform the method
of FIG. 6 to transmit signal data to the base station (e.g., the
smart phone 203) and the base station (e.g., the smart phone
203) may be configured to perform the method of FIG. 7 to
recover the original sensed signal.

[0043] GeMREM works by first learning a generative
model G of a shape characteristic of a signal. These gen-
erative models if provided with the correct inputs can output
a synthetic signal that is equivalent to the original signal
with respect to diagnostic features as may be determined by
trained physicians. At regular intervals (e.g., upon expiration
of a delay period in the example of FIG. 6 (steps 601 and
603), the sensor senses a snippet at Nyquist rate (step 609)
and derives diagnostic features from the sensed signal (step
611). The sensor (or the intermediate communication
device) also generates a synthesized signal using the learned
generative model (step 605) and derives diagnostic features
from the synthesized signal (step 611). If the diagnostic
features derived from the signal snippet match the stored
features of the synthesized signal (step 613) then the sensor
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does not transmit any data to the base station (step 615).
Accordingly, the base station would continue to use the same
generative model to regenerate a diagnostically equivalent
signal (as discussed further below). However, if the diag-
nostic feature values do not match (step 613), then the sensor
may determine whether to send an entire raw signal to the
base station or to only send a smaller “feature update” to the
base station to be used to update/tune the generative model
that is used by the base station. In the example of FIG. 6, the
sensor (or the intermediate communication device) is con-
figured to determine if the beat patterns in the sensed signal
“snippet” match the beat patterns from the synthesized
signal (step 617). If the beat patterns of the sensed ECG
signal and the synthesized ECG signal match, then the
sensor transmits an updated set of temporal parameters to
the base station (step 619). However, if the beat patterns do
not match, then the sensor sends the entire raw signal to the
base station (step 621).

[0044] FIG. 7 illustrates an example of how the base
station may be configured to utilize the generative model of
the GeMREM mechanism to recover the signal. First, when
the base station receives raw signal data from the sensor or
an intermediate communication device (step 701), then the
base station develops a “learned” generative model based on
the raw signal (step 703). Once the generative model is
established, the base station utilizes the generative model to
generate a synthetic version of the signal (e.g., a synthetic
ECG signal) (step 705) and diagnostic features can be
derived from the synthetic signal as may be necessary (step
707). As discussed above in reference to FIG. 6, the sensor
(or the intermediate communication device) is configured to
transmit either a set of temporal parameters or new raw data
from the sensor if the diagnostic features of the sensed signal
no longer match the diagnostic features of the synthetic
signal. Accordingly, when the base station receives new
temporal parameters from the sensor (or from the interme-
diate communication device) (step 709), the base station
updates the synthetic signal based on the generative model
and the new temporal parameters (step 711) and continues to
derive diagnostic features from the updated synthetic signal
(step 707). However, if the base station receives new raw
signal data from the sensor (step 713), then the base station
develops a new “learned” generative model based on the
new raw signal data (step 715).

[0045] Using a generative model (such as the ECGSYN
model), for the morphology features, each wave (P, Q, R, S,
and T) is represented by 3 parameters: (a, b, 6), which
determine its height and distance to R peak, respectively. A
single beat of ECG signal is thus given as

50 =- aiAbexp(—A88 /267, &
ie{P,Q,R.S,T}

The parameter ABL=0, while A0, is given by the scaled
temporal difference between the i1 peak and the R peak. For
a given patient, the parameters a,, b,, and 0, have to be
learned. In some implementations, a two minute sample of
the raw ECG signal is used to learn these parameters.

[0046] As illustrated in FIG. 4, the CS theory argues that
a k-sparse n-dimensional signal can be accurately recovered
with m<<n samples collected using a mxn sensing matrix ©
instead of an nxn identity matrix, where n is the Nyquist
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mandated number of samples. When the measurement vec-
tor for the sensor y=0x has much fewer samples m than n,
the sensor that uses CS is much simpler than a sensor
sensing at Nyquist rate. This leads to significant improve-
ments in power consumption, form factor, and storage
capacity. Since the original signal x is k-sparse, the mea-
surement signal y is basically a linear combination of at most
k non-zero elements of x. If the position of the k non-zero
elements were known, then finding the sensing matrix and
then subsequently recovering x would be relatively straight-
forward as discussed in reference to FIG. 4 above. However,
since the positions are not known, every possible mxk
submatrices of ® must be searched to find the best k sparse
approximation of x. This problem is an NP hard and has
combinatorial complexity. However, with random sampling,
it can be solved in polynomial time. Compressive sensing
thus allows us to recover relevant information from signals
using simpler sensors, by exploiting the sparsity of signals
in linear domain, and solving an NP hard recovery problem
in polynomial time by using randomized sampling.

[0047] In many practical scenarios, signals may not be
sparse or even compressible (i.e., approximated using a
sparse signal) in any linear transformed domain. Such sig-
nals often have a unique shape property that is repeated at
random intervals. These signals are referred to herein as
quasi-periodic signals. For example, signals from the human
body such as electrocardiogram (ECG), or brain signals, or
chaotic signals are not sufficiently sparse in any linear
transform domain for CS to be beneficial. The complex
shape characteristics of these signals can be modeled using
non-linear generative models. The models encode signifi-
cant information from the raw data, which are used for
decision making. As such for many applications the raw data
is less significant than these models. Further, in many
practical applications, two data sets or signals with high
sample-by-sample error may contain the same relevant
information, and are equivalent. Hence, a generative model
is a nonlinear sparsifying operator, which sparsifies a signal
with respect to relevant information content. This is tvpi-
cally true in cases of physiological sensing, where the
diagnosis of a disease is performed based on ranges of
metrics derived from the signal and not the exact signal
value. Two signals differing sample-by-sample may not be
diagnostically different. Thus, instead of recovering with the
goal of sample-by-sample accuracy, it may be sufficient to
recover an equivalent signal that has the same relevant
information as the original signal sampled at Nyquist rate.

[0048] With this observation in-the-field, the Generative
Model based Resource Efficient Modeling (GeMREM),
which (as illustrated in FIG. 5) considers that the relevant
information in a quasi-periodic signal x can be encoded in a
generative model G(m,; t,) having two parameters: a)
morphology m , which characterizes the unique shape prop-
erty of the signal and b) temporal properties t,, which
characterizes the underlying temporal variations. The gen-
erative model provides a signal that is equivalent to x with
respect to certain relevant information. Further, m,, is rela-
tively stable and does not change over time. As discussed
above in reference to FIG. 6, a sensor samples the signal x
at Nyquist rate and compares it with a generative model.
Thus, the sensor device (or the intermediate communication
device) for GeMREM is much more complex than a sensor
device simply sensing at Nyquist rate or executing CS as it
must be able to calculate a synthesized signal. The sensor
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device then transmits only the changes in t, to the recovery
algorithm. Using t, and previously learned m, the equivalent
signal G(m,); t,) can be recovered in linear time, O(n). With
such non-linear sparsifying operators and the idea of equiva-
lent reconstruction, GeMREM was found to achieve 40 and
300 times communication compression for ECG and pho-
toplethysmogram signals, respectively. Such compressions
are much greater than the in-the-field sensing compression
performance of CS algorithms.

[0049] In summary, CS exploits sparsity in linear domain,
reduces sensing frequency, and recovers randomly under-
sampled signals by minimizing sample by sample error.
Although the sensor device is very simple and has signifi-
cant sensing power savings, the recovery is complex, and the
data compression ratio is much less than GeMREM. On the
other hand, GeMREM exploits unique shape properties of
signals by representing them using nonlinear sparsifying
operators with morphology and temporal parameters, and
uses the paradigm of equivalent reconstruction to reduce
data communication frequency. GeMREM sensors are more
complex and tuned to a specific type of signal, however,
in-the-field GeMREM provides orders of magnitude more
compression ratio than CS.

[0050] FIG. 8 illustrates another mechanism (referred to
herein as GenCS) that achieves the sensor device processing
simplicity of CS, the compression ratio of GeMREM, and
recovers signals that are equivalent in features relevant to
the application (e.g., a diagnostically equivalent signal).
First, a transformation/filter is applied to a sensed signal
(step 801). This transformation/filter sparsifies the signal
and removes morphology parameters while leaving tempo-
ral parameters in the sparsified signal. A sensing matrix is
then applied for compressive sensing of the sparsified signal
(step 803). The sampled sparsified signal is then transmitted
to the base station (step 805) where the sparsified signal with
only temporal parameters is recovered (step 807). Genera-
tive modelling is then used to generate a signal shape with
morphology parameters (step 809). The signal shape that is
reconstructed with the morphology parameters is then fur-
ther adjusted and scaled based on recovered temporal
parameters from the sampled sparsified signal received by
the base station in order to generate a recovered signal (step
811).

[0051] As discussed above, a shape preserving generative
model requires morphological m,, and temporal parameters
t, from the quasi periodic signal x. The algorithms used for
computing m, and t, is highly non-linear and includes
functions such as peak detection and curve fitting optimi-
zations. Since x is quasi-periodic, then there exists a sub
sequence X ,, of x such that x,, has the unique shape property
that is repeated at random periods. If G(m,; t,) is the
generative model of the signal x, then according to definition
of a generative model we have

o= Gl ,) 028, %, Q)

where 3, is the morphology tolerance level of the model.

[0052] The morphological properties of the signal x can be
suppressed to derive a signal x,, which has only the temporal
properties of x, ie., f (x,)=f (x). This can be done using
digital filters that suppress certain frequencies that are
affected by the specific shape criteria. Such filters can be
realized as a linear transformation on x, x,=Dx. For the
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generative model, the temporal parameter is again within
certain tolerance bound of the parameters derived from x as
shown in Equation 5.

V=R G, 5Dl =0x ) s &)

[0053] Note that if x is k-sparse, then x, is p-sparse, where
p<<k. This is because in X, is obtained by suppressing the
morphological properties in x. Hence the process of extract-
ing the temporal parameters from x, is a non-linear sparsi-
fying operation. We can now define a generative model
G(m,, t,,) as equivalent to the signal x if it satisfies Equations
(4) and (5).

[0054] We attempt to derive approximate morphological
and temporal parameters {m~,, t7,} from the randomly
sampled time series y, such that G(m,; t,) is equivalent to x.
In order to have such a mechanism, we need a sensing matrix
that satisfies the Restricted Isometry Property (RIP) for the
generative model G(m,; t ). Since x is ak-sparse signal, then
there exists a sensing matrix ® that satisfies RIP for x for
some conditioning parameter &.

[0055] If x is k-sparse, then there exists @eR xR ", for
m=0(k*log(n/k) such that

{1-#)|x[sOx]=(1+€)|kl (6)

[0056] By combining Equations (6) and (4) and doing
some algebraic manipulations, we get

{1-e-0|I8|,) Wl,=I0 Glm,, 1, )= (1+e+0]O)L)|xll, M

Hence © satisfies RIP of order at least 2 k for G(m,,, t,,) with
£'=e+9||0|,.

[0057] Thus, the generative model G(m,; t,) provides at
least k-sparsity in a signal x. Note that generative model has
a higher value of conditioning parameter. This means that it
classifies a larger neighborhood of x as equivalent. Hence, it
provides more sparsity.

[0058] With respect to the temporal parameters, there

exists a sensing matrix ©'e R *xR ”, s<m), that can be used to
recover a signal with a temporal property equivalent to that
of x. Let us consider a recovery algorithm A that solves the
problem in Equation (2). Hence |x-A(@x%)||,=C, where £>0 is
a small number. Hence, |[f(x)-f{A(8x)||,<6 |IX]|- Let us con-
sider that there exists a digital filter D such that x,=Dx and
f(x,)=f(x). Thus, using the same © we can recover X, from m
samples. Note that x, is much sparser than x. There exists ©'e
R-xR”, s<m, such that |[x,~A(0'%,)|,=<C. Thus, using just s
samples one can recover the temporal properties of x.
[0059] The discussion above demonstrates that the tem-
poral property extractor along with the equivalence condi-
tion is also a non-linear sparsifying operation. Given a
matrix with RIP property for the generative model and a
temporal parameter estimation mechanisms as described
above, the following problem formulation must have a
feasible solution:

find 4,2, to minimize ||G(1,,2,)ll;
such that ~y=OG (7, 7,)} ®)

A solution to this problem provides the recovery of a
diagnostically equivalent signal.

[0060] The shape of a beat makes an ECG signal a
non-sparse signal not only in time domain but also in DWT,
DFT, and DCT domains. However, the temporal parameters
are only related to the R peaks. Hence a signal with only R
peaks can be approximated much more accurately using
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greater sparsity. The GenCS method of FIG. 8 senses the
signal to only recover the temporal parameters (R peaks for
BECG) and suppress the morphological parameters. The
morphological parameters can be learned from a signal
snippet sensed at the Nyquivst rate. On obtaining the tem-
poral parameters, the entire signal can be recovered by
combining the morphological and temporal parameters.
[0061] For ECG signals the shape characteristics can be
suppressed using a low pass and high pass filter combina-
tion. A digital filter defined by the Equation
V[i1=20[1=11=y{i=2]+x[]-2x[i-6]4x[i=12],2[1]=32x
[i-16]~z[i-1]+x[i]-x[i-32], 9)
at low pass cut-off frequency of 5 Hz and high pass cutoff
at 12 Hz, can effectively eliminate the P, Q, S, and T waves,
and only keep the R peaks in the signal. The resulting signal
7z has only the temporal parameters and the morphology is
suppressed. The signal z is compressible to a sparse vector
and can be recovered with very less number of samples.
[0062] A sensing matrix © is generated using a Bernoulli
distribution and a transformation matrix ® for making the
original signal sparse was obtained by first converting the
band-stop filter in Equation 9 into a matrix form and
multiplying it with the DWT matrix. These matrices are
applied to sample an ECG signal and to capture temporal
parameter data. This sampled data is transmitted to a base
station and the Homotopy recovery algorithm was used to
recover the signal with only temporal parameters. A recon-
structed signal is generated using the morphological param-
eters of the signal that were learned previously using a curve
fitting technique. The ECG beat shape of the reconstructed
signal is then centered at each R peak obtained from the
recovered temporal parameter signal and temporally scaled
to match the heart rate and to provide a diagnostically
equivalent reconstructed signal.
[0063] FIG. 9 graphically illustrated the GenCS mecha-
nism for signal reconstruction. Graph (a) shows an original
raw ECG signal including both the temporal and morphol-
ogy parameter components. Graph (b) shows the signal of
Graph (a) filtered to remove the morphology components.
Graph (c¢) illustrates the recovered sparsified signal gener-
ated by the base station by applying the homotopy recovery
algorithm to the sampled temporal data. Graph (d) shows the
reconstructed signal generated by the base station by adjust-
ing and scaling the previously learned morphology data
based on the recovered temporal data of Graph (c). The
reconstructed signal of Graph (d) is diagnostically equiva-
lent to the original raw ECG signal of Graph (a).
[0064] Returning now to the example of FIGS. 2A and 2B,
in some implementations, the system may be configured to
use a different sampling/compression mechanism depending
on which communication link is established. For example, in
some implementations, the wearable sensor device may be
configured to send raw signal data to the base station if it is
able to establish wireless communication directly between
the wearable sensor device and the base station (e.g., wire-
less communication connection “A”) and to use the GenCS
method described to transmit signal data to the intermediate
communication device if direct wireless communication to
the base station cannot be established.
[0065] Furthermore, returning now to the example of FIG.
1, a wearable sensor device that is implemented, for
example, as a smart watch or a belt pack may be configured
to receive raw signal data from a sensor (or a combination
of sensors) through either wired or wireless communication
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and then transmit the signal data to the base station using the
GenCS method. Accordingly, in one example, a smart watch
(operating as the wearable sensor device) may be configured
to receive raw or compressed ECG signal data from an ECG
sensor and to then transmit the ECG signal data to a smart
phone (operating as the base station) using the GenCS
method.

[0066] FIGS. 10-15 illustrate a clinical study performed to
evaluate the GenCS signal recovery method described
above. Twenty five patients from an ICU volunteered to
participate in the study—fourteen of them were men and
eleven were women. One of the patients had frequent atrial
fibrillation which was captured by GeMREM through raw
data transmission. The age of the patients were not recorded.
The patients had limited mobility and the study devices were
un-installed when the patients went for procedures such as
MRI.

[0067] Subjects were monitored for a period of approxi-
mate 20 hours using a Shimmer device and Holter monitor
as illustrated in FIG. 10. The Shimmer device 1001 is a
small and lightweight (28 g) plastic box equipped with a
MSP-430 microcontroller and a lithium ion battery. The
Shimmer device 1001 was worn by the patient using a chest
strap. The Shimmer device 1001 communicated with a
Google Nexus One Android phone 1003 through a Bluetooth
connection. In addition to the study device, a standard 5 lead
Holter monitor 1005 was also used to collect ECG signals on
a sample by sample basis.

[0068] Three Ag—Cl electrodes were placed on the chest
of the patient in the form of a triangle to measure ECG using
Shimmer sensors as shown in FIG. 10. A ground lead was
also placed near the abdomen and away from the triangle
formed by the other three leads. To ensure that the spatial
distance between the electrodes of the Shimmer sensor and
the standard monitor are not significant, we used CardiacDi-
rect double leads, which have two solid gel electrodes placed
at a distance of 2 in from each other. On the double
electrodes, a lead of the standard monitor and a Shimmer
lead were attached. This ensured that the measurement
artifacts due to separation of lead are minimized. These
leads were connected to a Shimmer device 1001 which was
worn by the patient using a chest strap. The GeM-REM
protocol was started and each update from the sensor was
time stamped to ensure synchronization between the stan-
dard monitor 1005 and the Shimmer device 1001. The
monitoring was continued for at least 16 hours and maxi-
mum up to 24 hrs.

[0069] Prior to deploying the system for a patient, the
learning functionality is used to train the generative model
using the patient’s ECG data. This training process outputs
a set of parameter values which are stored on the base station
as well as the sensor. These values are intended to be used
as inputs for generating synthetic ECG data closely resem-
bling the patient’s actual ECG. Thus, data collection was
performed in two steps: a) initially a 2 minute sample of
ECG is obtained using the Shimmer sensor for training a
personalized generative model, and b) the new generative
models were manually entered to the Shimmer sensor and
then data for 24 hours was collected.

[0070] In addition to the 25 testing subject from the ICU,
data from twelve preterm infants was also analyzed. The
preterms had a gestational age of <36 weeks and postcon-
ceptional age of >30 weeks at the time of study and
spontaneously breathing room air or receiving supplemental
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O, through nasal cannulae at a fixed flow rate. Overall, we
tested the GenCS and CS techniques on 37 subjects.
[0071] The GenCS and CS techniques were evaluated on
two sets of accuracy metrics: a) error in temporal parameter
with respect to data from Holter monitor 1005, which
include mean heart rate, standard deviation of heart rate, and
low frequency to high frequency ratio of heart rate variation,
and b) error in morphological features with respect to Holter
monitor 1005. In the analysis we have divided the entire 24
hour signal into intervals of 1000 samples. For each such
interval, we compute the temporal and morphological fea-
tures and then compare the average error of GenCS and CS
with respect to Holter monitor data over all such intervals.
[0072] The performance of the signal recovery algorithm
was also evaluated based on execution time and energy
consumption on a smartphone and a smartwatch. The life-
time difference of the device when it executes the cardiac
monitoring system with GenCS was also evaluated in com-
parison to a cardiac monitoring system with CS.

[0073] We implemented the GenCS and CS in a Nexus 5
Android smartphone running the Kitkat OS version API 19.
We also implemented both in an android smartwatch
ZGPAX, which also ran the same version of Android OS API
19. To isolate energy consumption of the recovery algo-
rithm, we implemented a simple U], we stored a data snippet
of 1000 samples (2 s) and also stored the sensing matrix. The
test app only had the execution of a Homotopy algorithm.
We compiled the Homotopy algorithm implementation in a
jar file and included it in the test app source code. The
execution time was measured using the system time service
of android. The power consumption in the smartphone was
measured using the PowerTutor application. However, the
smartwatch was not supported by PowerTutor. Hence, for
the smartwatch we ran the test app for 3 hours and measured
the difference in state of charge.

[0074] The compression ratio for the ECG data based on
GenCS is shown in FIG. 11. It shows that the error in
estimation of R-R intervals increases with increase in com-
pression ratio. However, if we only care for diagnostic
accuracy, then an error of 10% can be tolerated. For such a
tolerance we obtain a compression ratio of around 10. This
is significantly higher than the traditional compressive sens-
ing techniques which could on an average achieve a com-
pression ratio of 2. This five time increase in compression
ratio 1s attributed to two factors: a) the removal of shape
features using a linear filter, and b) the requirement of
diagnostic equivalence.

[0075] With respect to the shape parameters, GenCS has
the same accuracy as GeMREM, however, CS has lower
shape accuracy than GenCS as shown in the table of FIG. 12.
[0076] The execution time of the recovery algorithm
decreases non-linearly with the increase in compression
ratio as seen in the graph of FIG. 13. The smartwatch is
around 2.7 times slower than the smartphone. In order to
recover 2 seconds of data using CS with a compression ratio
of around 2, the smartwatch takes around 2.3 seconds while
the smartphone takes around 780 ms. The recovery and
sensing 1s performed by two separate threads with a bounded
buffer that stores the sensed data. The sensing thread fills up
the buffer, while the recovery thread computes the Homo-
topy algorithm on the data. For the smartwatch with a
limited buffer the CS will cause an overflow of the buffer
resulting in loss of sensing data. Hence, the smartwatch can
only be used for a limited time to recover data. The smart-
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watch has to offload the recovery of the data to the smart-
phone. On the other hand, for the GenCS recovery algo-
rithm, the smartphone takes around 1.1 s to recover 2 s data.
Hence, there will be no overflow of the bounded buffer.
Hence, the GenCS allows recovery to be performed in the
smartwatch itself and does not require offloading to a
smartphone. This is especially useful in a free living sce-
nario, where a watch is more easily kept in proximity to a
sensor than a smartphone.

[0077] FIG. 14 shows the energy consumption of the
smartphone for different compression ratios. As the com-
pression ratio increases the energy consumption decreases.
This is because the Homotopy algorithm manipulates a
smaller sensing matrix. When the recovery algorithm was
executed in the smartphone, it only consumed 36% of the
total power consumed by all the apps. To compute the
lifetime of smartphone due to the execution of the recovery
algorithm, we consider that there are no other apps running.
Hence, the whole battery with a capacity of 1625 mAh is
utilized by the recovery algorithm.

[0078] FIG. 15 shows the lifetime assuming a linear
co-relation between energy consumption and battery dis-
charge rate. The lifetime is shown with respect to compres-
sion ratio of the CS techniques. In the same graph, we also
show the accuracy of extraction of temporal parameters.
FIG. 15 shows that as compression ratio increases, the
lifetime also increases however, the accuracy decreases. For
the GenCS technique, the energy consumption is nearly
three times lower than the CS recovery algorithm. The
smartphone lifetime for the GenCS for a diagnostic accuracy
of 10% is around 1 day which is nearly 15 hrs more than the
lifetime of the CS.

[0079] Thus, the invention provides, among other things,
a system and method for using generative-model-based
compressive sensing (GenCS) to capture and recover quasi-
periodic signals. GenCS is a significant improvement over
CS and combines the shape preserving property and recov-
ery efficiency of GeMREM. GenCS reaps the synergistic
benefits of GeMREM and CS and provides a solution that is
executable in a smartwatch or smartphone for the long term.
GenCS optimizes accuracy and battery lifetime of the smart-
watch or smartphone and can operated 3 times longer than
CS without the need for battery recharge. This technology
makes free living continuous cardiac monitoring a feasible
and resource efficient program. Various features and advan-
tages of the invention are set forth in the following claims.

What is claimed is:

1. A monitoring system comprising a wearable sensor
device, the wearable sensor device including
a sensor configured to detect a quasi-periodic signal;
a wireless transmitter; and
an electronic processor, the electronic processor config-
ured to
apply a transformation to generate a sparsified signal
based on the quasi-periodic signal, wherein the spar-
sified signal includes temporal parameters of the
quasi-periodic signal and omits morphology param-
eters of the quasi-periodic signal,
sample the sparsified signal, and
transmit the sampled sparsified signal through the wire-
less transmitter to a base station device for recovery
of the quasi-periodic signal.
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2. The monitoring system of claim 1, wherein the sensor
includes an ECG sensor, and wherein the quasi-periodic
signal includes an ECG signal.

3. The monitoring system of claim 1, further comprising
the base station, wherein the base station is configured to

receive sampled sparsified signal,

recover the temporal parameters of the quasi-periodic

signal from the sampled sparsified signal,

generate a reconstructed signal shape using previously

captured morphology parameters, and

generate a reconstructed signal by adjusting and scaling

the reconstructed signal shape based on the recovered
temporal parameters.

4. The monitoring system of claim 3, wherein the recon-
structed signal is diagnostically equivalent to the quasi-
periodic signal.

5. The monitoring system of claim 3, wherein the elec-
tronic processor of wearable sensor device is further con-
figured to

determine a sampling rate based on the quasi-periodic

signal that will enable the base station to generate the
reconstructed signal that is diagnostically equivalent to
the quasi-periodic signal, and

sample the sparsified signal by sampling the sparsified

signal at the determined sampling rate.
6. The monitoring system of claim 3, wherein the quasi-
periodic signal is an ECG signal, and wherein the base
station is configured to recover the temporal parameters of
the quasi-periodic signal by determining a frequency of
R-peaks in the ECG signal from the sampled sparsified
signal and to generate the reconstructed signal by adjusting
and scaling a previously stored ECG signal shape based on
the determined frequency of the R-peaks in the ECG signal.
7. The monitoring system of claim 1, wherein the elec-
tronic processor of the wearable sensor device is further
configured to determine whether a wireless communication
connection can be established directly between the wearable
sensor device and the base station, and
wherein the electronic processor of the wearable sensor
device is configured to apply the transformation to
generate the sparsified signal, sample the sparsified
signal, and transmit the sampled sparsified signal to an
intermediate communication device in response to
determining that the wireless communication connec-
tion cannot be established directly between the wear-
able sensor device and the base station.
8. The monitoring system of claim 7, wherein the elec-
tronic processor of the wearable sensor device is further
configured to:
establish the wireless communication connection directly
between the wearable sensor device and the base sta-
tion in response to determining that the wireless com-
munication connection can be established, and

transmitting a signal indicative of the quasi-periodic sig-
nal directly to the base station through wireless com-
munication connection when the wireless communica-
tion connection is established.

9. The monitoring system of claim 8, wherein the signal
indicative of the quasi-periodic signal includes the sampled
sparsified signal.

10. The monitoring system of claim 1, further comprising
an intermediate communication device,

wherein the electronic processor of the wearable sensor

device is configured to transmit the sampled sparsified
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signal to the base station device by transmitting the
sampled sparsified signal to the intermediate commu-
nication device,

wherein the intermediate communication device is con-

figured to receive the sampled sparsified signal from
the wearable sensor device and transmit the received
sampled sparsified signal to the base station.

11. The monitoring system of claim 10, wherein the
intermediate communication device includes a smart watch
and wherein the base station includes a smart phone.

12. The monitoring system of claim 10, wherein the
intermediate communication device is further configured to

store the received sampled sparsified signal to a memory

of the intermediate communication device,

establish a wireless communication connection with the

base station, and

transmit the sampled sparsified signal stored to the

memory of the intermediate communication device to
the base station after establishing the wireless commu-
nication connection with the base station.

13. The monitoring system of claim 1, wherein the
wearable sensor device includes a smart watch, wherein the
sensor of the wearable sensor device includes a separate
wearable sensor, wherein the electronic processor of the
wearable sensor device is configured to wirelessly receive
the quasi-periodic signal from the separate wearable sensor.

14. The monitoring system of claim 1, wherein the
electronic processor of the wearable sensor device is further
configured to determine whether a wireless communication
connection can be established directly between the wearable
sensor device and the base station, and wherein the elec-
tronic processor of the wearable sensor device is configured
to transmit the sampled sparsified signal to the base station
device by

storing the sampled sparsified signal to a memory of the

wearable sensor device, and

transmitting the stored sampled sparsified signal to the

base station in response to determining that the wireless
comniunication connection has been established.

15. The monitoring system of claim 1, wherein the
electronic processor of the wearable sensor device is con-
figured to apply the transformation to generate the sparsified
signal by applying a band stop filter to the quasi-periodic
signal.

16. The monitoring system of claim 1, wherein the
electronic processor of the wearable sensor device is con-
figured to sample the sparsified signal by sampling the
sparsified signal using compressive sensing.
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17. The monitoring system of claim 1, wherein the
electronic processor of the wearable sensor device is con-
figured to apply the transformation to sparsify the quasi-
periodic signal by applying a transformation to generate a
sparsified signal that exhibits sparcity in a non-linear
domain.

18. A method for sensing and recovering a quasi-periodic
signal, the method comprising:

applying a transformation to sparsify the quasi-periodic

signal removing morphology parameters and leaving
temporal parameters;

sampling the sparsified signal;

transmitting the sampled signal data to a base station;

recovering the temporal parameters of the quasi-periodic

signal from the sampled signal data;

generating a reconstructed signal shape using previously

captured morphology parameters; and

generating a reconstructed signal by adjusting and scaling

the reconstructed signal shape based on the recovered
temporal parameters.

19. The method of claim 18, wherein the quasi-periodic
signal includes a physiologic signal, the method further
comprising detecting the quasi-periodic signal using a wear-
able sensor device.

20. The method of claim 19, wherein the quasi-periodic
signal includes an ECG signal, and wherein recovering the
temporal parameters of the quasi-periodic signal from the
sampled signal data includes determining a frequency of
R-peaks in the ECG signal from the sampled signal data.

21. The method of claim 20, wherein generating the
reconstructed signal shape using previously captured mor-
phology parameters includes accessing a previously stored
BCG signal shape from a computer-readable memory, and
wherein generating the reconstructed signal by adjusting and
scaling the reconstructed signal shape based on the recov-
ered temporal parameters includes adjusting and scaling the
previously stored ECG signal shape based on the determined
frequency of the R-peaks in the ECG signal.

22. The method of claim 18, wherein applying the trans-
formation to sparsify the quasi-periodic signal includes
applying a band stop filter to the quasi-periodic signal.

23. The method of claim 18, wherein applying the trans-
formation to sparsify the quasi-periodic signal includes
applying the transformation to generate a sparsified signal
that exhibited sparcity in a non-linear domain.
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