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in a test signal. A local heartrate and an energy of accel-
eration are associated (1606, 1608, 1610) with the de-
tected heartbeats. Detected heartbeats are included or
excluded (1612) from a test set of heartbeats based on

the local heartrate and energy of acceleration associated
with the respective heartbeats. Anomalous heartbeats in
the test set of heartbeats are detected (1622) using a

sparse approximation model (1620). The heartrate mon-
itor may detect heartbeats in a training heartbeat signal.

A reference heart rate and an energy of acceleration are

associated with detected beats of the training heartbeat
signal and selectively included in a set of training data
based on the heart rate and energy of acceleration as-
sociated with the detected beat in the training heartbeat
signal. A dictionary of the sparse representation model
may be generated using the set of training data.
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Description
BACKGROUND
Technical Field
[0001] The present disclosure relates to techniques for the detecting anomalies in Electrocardiogram (ECG) signals,
such as signals acquired by wearable devices for health monitoring.
[0002] One or more embodiments may permit to obtain information in support of the activity of a physician such as

e.g. a cardiologist.

Description of the Related Art

[0003] Anomaly detection in ECG signals refers to the problem of finding patterns that do not conform to an expected
behavior of the monitored signal. These abnormal patterns could translate to significant information such as anomalies
in the heart activity (arrhythmias), failures in the sensing process, etc.

[0004] Wearable device may continuously acquire, store and periodically transmit physiological signals which are
typically processed in real time by a host device. The morphological characteristics of ECG signals may show significant
variations for different users, so generic methods may perform poorly on wearable devices. For example, each time a
wearable device is repositioned or is subjected to accidental movement, the ECG morphology may be modified. The
heart rate and the morphology of the beat may also change for daily activities.

BRIEF SUMMARY

[0005] ECG heartbeats acquired under normal conditions are characterized by specific morphological structures. On
the other hand, ECG acquisitions that do not conform to such structures can be considered anomalies. In an embodiment,
normal ECG heartbeats are assumed to be well described by a sparse model, such as a model based on the sparse
representation theory. It is assumed that a normal heartbeat s can be modeled as s = D - x + e, where D is an unknown
dictionary, x is a sparse coefficient vector and e is a random noise coming from the sensing process. In an embodiment,
a model is learned in a data-driven fashion, e.g., directly from the data acquired by a wearable device. During a learning
phase, a dictionary D is determined which provides a sparse representation of a set of sensed training data. In a testing
phase, for each acquired heartbeat s a sparse coefficient vector x is computed such that the reconstruction error, ||s -
D-x||5, is minimal (roughly speaking, the goodness of fit of such beat to the learned model is assessed). For anomalous
beats, it is assumed the observed reconstruction error will exceed the tolerated noise energy.

[0006] In an embodiment, a method comprises: detecting a beat in a heartbeat signal; associating a heart rate and
an energy of acceleration with the detected beat; selectively including the detected beat in a set of detected beats based
onthe heartrate and energy of acceleration associated with the detected beat; and performing at least one of: generating,
using the set of detected beats as a set of training data, a dictionary of a sparse approximation model; and detecting
anomalous beats in the set of detected beats using the dictionary of the sparse approximation model. In an embodiment,
the method comprises: applying a beat transform based on the heart rate and energy of acceleration associated with a
beatin the set of detected beats to the beat in the set of selected beats, generating an adapted beat; applying a dictionary
transform based on the heart rate and energy of acceleration associated with the beat in the set of detected beats to
the dictionary, generating an adapted dictionary; generating a sparse approximation of the adapted beat with respect
to the adapted dictionary; and classifying the beat in the set of detected beats as anomalous based on the generated
sparse approximation. In an embodiment, classifying the beat in the set of beats as anomalous based on the sparse
approximation comprises: determining a root-mean-square error associated with the sparse approximation of the adapted
beat; comparing the root-mean-square error to a threshold error; and classifying the beat in the set of beats as anomalous
or normal based on the comparison. In an embodiment, the method comprises: in response to classification of the beat
in the set of beats as anomalous, initiation a transmission of data related to the beat in the set of beats. In an embodiment,
the method comprises: in response to classification of the beat in the set of beats as anomalous, storing data related to
the beatin the set of beats. In an embodiment, the heart rate is a local heart rate and the selectively including the detected
beat in the set of detected beats comprises: determining whether a punctual heart rate of the detected beat is an outlier
heart rate with respect to the local heart rate associated with the detected beat; determining whether the detected beat
is an outlier beat with respect to the energy of acceleration associated with the detected beat; excluding the detected
beat from the set of detected beats when the punctual heart rate is an outlier heart rate with respect to the local heart
rate and the detected beat is an outlier beat with respect to the energy of acceleration associated with the detected beat;
including the detected beat in the set of detected beats when both the punctual heart rate is an inlier heart rate with
respect to the local heart rate and the detected beat in an inlier beat with respect to the energy of acceleration associated
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with the detected beat; and excluding the detected beat from the set of detected beats and classifying it as a rhythmical
anomaly beat when the punctual heart rate is an outlier heart rate with respect to the local heart rate and the detected
beat is an inlier beat with respect to the energy of acceleration associated with the detected beat. In an embodiment,
the method comprises: applying a beat transform based on the heart rate and energy of acceleration associated with a
beatin the set of detected beats to the beat in the set of selected beats, generating an adapted beat; applying a dictionary
transform based on the heart rate and energy of acceleration associated with the beat in the set of detected beats to
the dictionary, generating an adapted dictionary; generating a sparse approximation of the adapted beat with respect
to the adapted dictionary; and classifying the beat in the set of detected beats as anomalous based on the generated
sparse approximation of the adapted beat. In an embodiment, the method comprises: generating the sparse represen-
tation dictionary using the set of detected beats as the set of training data by iteratively: generating coefficients of a
sparse representation matrix; and optimizing the dictionary and the coefficients of the sparse representation matrix. In
an embodiment, the heart rate is a reference heart rate associated with the set of detected beats and the selectively
including the detected beat in the set of detected beats comprises: determining whether a punctual heart rate of the
detected beat is an outlier heart rate with respect to the reference heart rate; determining whether the detected beat is
an outlier beat with respect to the energy of acceleration associated with the detected beat; excluding the detected beat
from the set of detected beats when the punctual heart rate is an outlier heart rate with respect to the reference heart
rate; and excluding the detected beat from the set of detected beats when the detected beat is an outlier beat with
respect to the energy of acceleration associated with the detected beat. In an embodiment, the method comprises:
generating, using the set of detected beats as the set of training data, the dictionary of the sparse approximation model,
wherein the heartbeat signal is a training heartbeat signal; detecting a beat in a test heartbeat signal; associating a local
heart rate and an energy of acceleration with the detected beat in the test heartbeat signal; selectively including the
detected beat in a set of test beats based on the local heart rate and energy of acceleration associated with the detected
beat in the test heartbeat signal; and detecting anomalous beats in the set of test beats using the dictionary of the sparse
approximation model. In an embodiment, a device is configured to perform one or more of the methods disclosed herein.
[0007] In an embodiment, a device comprises: an interface configured to receive a test heart-beat signal and one or
more acceleration signals: and signal processing circuitry configured to: detect a beat in the test heartbeat signal;
associate a heart rate and an energy of acceleration with the detected beat; selectively include the detected beat in a
set of test beats based on the heart rate and energy of acceleration associated with the detected beat; and detect
anomalous beats in the set of test beats using a dictionary of a sparse approximation model. In an embodiment, the
signal processing circuitry, in operation: applies a beat transform based on the heart rate and energy of acceleration
associated with a beat in the set of test beats to the beat in the set of selected beats, generating an adapted beat; applies
a dictionary transform based on the heart rate and energy of acceleration associated with the beat in the set of test beats
to the dictionary, generating an adapted dictionary; generates a sparse approximation of the adapted beat with respect
to the adapted dictionary; and generates a signal indicative of whether the beat in the set of test beats is anomalous
based on the generated sparse approximation. In an embodiment, generating the signal indicative of whether the beat
in the set of test beats is anomalous based on the generated sparse approximation comprises: determining a root-mean-
square error associated with the generated sparse approximation of the adapted beat; comparing the root-mean-square
error to a threshold error; and generating the signal based on the comparison. In an embodiment, when the generated
signal indicates the beat in the set of test beats is anomalous, the signal processing circuitry initiates a transmission of
data related to the beat in the set of test beats. In an embodiment, the heart rate is a local heart rate and the selectively
including the detected beat in the set of test beats comprises: determining whether a punctual heart rate of the detected
beat is an outlier heart rate with respect to the local heart rate associated with the detected beat; determining whether
the detected beat is an outlier beat with respect to the energy of acceleration associated with the detected beat; excluding
the detected beat from the set of detected beats when either the punctual heart rate is an outlier heart rate with respect
to the local heart rate or the detected beat is an outlier beat with respect to the energy of acceleration associated with
the detected beat; and including the detected beat in the set of detected beats when both the punctual heart rate is an
inlier heart rate with respect to the local heart rate and the detected beat in an inlier beat with respect to the energy of
acceleration associated with the detected beat. In an embodiment, the interface is configured to receive a training
heartbeat signal; and the signal processing circuitry is configured to: detect a beat of the training heartbeat signal;
associate a reference heart rate and an energy of acceleration with the detected beat of the training heartbeat signal;
selectively include the detected beat of the training heartbeat signal in a set of training data based on the heart rate and
energy of acceleration associated with the detected beat in the training heartbeat signal; and generate the dictionary of
the sparse representation model using the set of training data. In an embodiment, the signal processing circuitry generates
the dictionary of the sparse representation model by iteratively: generating coefficients of a sparse representation matrix;
and optimizing the dictionary and the coefficients of the sparse representation matrix. In an embodiment, the reference
heart rate is associated with the training heart beat signal and the selectively including the detected beat of the training
heartbeat signal in the set of training data comprises: determining whether a punctual heart rate of the detected beat of
the training heartbeat signal is an outlier heart rate with respect to the reference heart rate; determining whether the
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detected beat of the training heartbeat signal is an outlier beat with respect to the energy of acceleration associated with
the detected beat of the training heartbeat signal; excluding the detected beat of the training heartbeat signal from the
set of training data when the punctual heart rate is an outlier heart rate with respect to the reference heart rate; and
excluding the detected beat of the training heartbeat signal from the set of training data when the detected beat of the
training heartbeat signal is an outlier beat with respect to the energy of acceleration associated with the detected beat
of the training heartbeat signal.

[0008] In an embodiment, a system comprises: a sensor configured to generate heartbeat signals; an accelerometer
configured to generate one or more acceleration signals; and signal processing circuitry configured to: detect a beat of
a test heartbeat signal; associate a heart rate and an energy of acceleration with the detected beat of the test heartbeat
signal; selectively include the detected beat of the test heartbeat signal in a set of test beats based on the heart rate
and energy of acceleration associated with the detected beat of the test heartbeat signal; and detect anomalous beats
in the set of test beats using a dictionary of a sparse approximation model. In an embodiment, the signal processing
circuitry, in operation: applies a beat transform based on the heart rate and energy of acceleration associated with a
beat in the set of test beats to the beat in the set of selected beats, generating an adapted beat; applies a dictionary
transform based on the heart rate and energy of acceleration associated with the beat in the set of test beats to the
dictionary, generating an adapted dictionary; generates a sparse approximation of the adapted beat with respect to the
adapted dictionary; and generates a signal indicative of whether the beat in the set of test beats is anomalous based
on the generated sparse approximation. In an embodiment, the signal processing circuitry is configured to: detect a beat
of a training heartbeat signal; associate a reference heart rate and an energy of acceleration with the detected beat of
the training heartbeat signal; selectively include the detected beat of the training heartbeat signal in a set of training data
based on the heart rate and energy of acceleration associated with the detected beat in the training heartbeat signal;
and generate the dictionary of the sparse representation model using the set of training data. In an embodiment, the
signal processing circuitry generates the dictionary of the sparse representation model by iteratively: generating coeffi-
cients of a sparse representation matrix; and optimizing the dictionary and the coefficients of the sparse representation
matrix.

[0009] In an embodiment, a non-transitory computer-readable medium’s contents configure a heart-rate monitoring
device to perform a method, the method comprising: detecting a beat of a test heartbeat signal; associating a heart rate
and an energy of acceleration with the detected beat of the test heartbeat signal; selectively including the detected beat
of the test heartbeat signal in a set of test beats based on the heart rate and energy of acceleration associated with the
detected beat of the test heartbeat signal; and detecting anomalous beats in the set of test beats using a dictionary of
a sparse approximation model. In an embodiment, the method comprises: applying a beat transform based on the heart
rate and energy of acceleration associated with a beat in the set of test beats to the beat in the set of selected beats,
generating an adapted beat; applying adictionary transform based on the heartrate and energy of acceleration associated
with the beat in the set of test beats to the dictionary, generating an adapted dictionary; generating a sparse approximation
of the adapted beat with respect to the adapted dictionary; and generating a signal indicative of whether the beat in the
set of test beats is anomalous based on the generated sparse approximation. In an embodiment, the method comprises:
detecting a beat of a training heartbeat signal; associating a reference heart rate and an energy of acceleration with the
detected beat of the training heartbeat signal; selectively including the detected beat of the training heartbeat signal in
a set of training data based on the heart rate and energy of acceleration associated with the detected beat in the training
heartbeat signal; and generating the dictionary of the sparse representation model using the set of training data. In an
embodiment, the method comprises generating the dictionary of the sparse representation model by iteratively: generating
coefficients of a sparse representation matrix; and optimizing the dictionary and the coefficients of the sparse represen-
tation matrix.

[0010] In an embodiment, a system comprises: means for generating heartbeat signals; means for generating accel-
eration signals; and means for processing a test heartbeat signal, by: detecting a beat of the test heartbeat signal;
associating a heart rate and an energy of acceleration with the detected beat of the test heartbeat signal; selectively
including the detected beat of the test heartbeat signal in a set of test beats based on the heart rate and energy of
acceleration associated with the detected beat of the test heartbeat signal; and detecting anomalous beats in the set of
test beats using a dictionary of a sparse approximation model. In an embodiment, the processing the test heartbeat
signal comprises: applying a beat transform based on the heart rate and energy of acceleration associated with a beat
in the set of test beats to the beat in the set of selected beats, generating an adapted beat; applying a dictionary transform
based on the heart rate and energy of acceleration associated with the beat in the set of test beats to the dictionary,
generating an adapted dictionary; generating a sparse approximation of the adapted beat with respect to the adapted
dictionary; and generating a signal indicative of whether the beat in the set of test beats is anomalous based on the
generated sparse approximation. In an embodiment, the system comprises: means for processing a training heartbeat
signal, by: detecting a beat of the training heartbeat signal; associating a reference heart rate and an energy of acceleration
with the detected beat of the training heartbeat signal; selectively including the detected beat of the training heartbeat
signal in a set of training data based on the heart rate and energy of acceleration associated with the detected beat in
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the training heartbeat signal; and generating the dictionary of the sparse representation model using the set of training
data. In an embodiment, the processing the training heartbeat signal comprises generating the dictionary of the sparse
representation model by iteratively: generating coefficients of a sparse representation matrix; and optimizing the dictionary
and the coefficients of the sparse representation matrix.

[0011] One or more embodiments may thus relate to a computer program product loadable in the memory of at least
one processing device and including software code portions for executing the steps of a method according to one or
more embodiments when the product is run on at least one processing device. As used herein, reference to such a
computer program product is understood as being equivalent to reference to a computer-readable means containing
instructions for controlling the processing system in order to co-ordinate implementation of the method according to one
or more embodiments. Reference to "at least one processor device" is intended to highlight the possibility for one or
more embodiments to be implemented in modular and/or distributed form.

BRIEF DESCRIPTION OF THE SEVERAL VIEWS OF THE DRAWINGS

[0012]

Figure 1 illustrates an example morphological structure of normal heart beats.

Figure 2 is a graphical illustration of relationships between a signal vector, a sparse representation coefficient vector
and a dictionary in an iteration of an Orthogonal Matching Pursuit (OMP) algorithm in an embodiment.

Figure 3 illustrates an embodiment of a method of applying an OMP algorithm.

Figure 4 is a graphical illustration of an embodiment of a learned sparse model.

Figure 5 illustrates an embodiment of a method of applying a K-SVD algorithm to generate a dictionary.

Figure 6 illustrates an embodiment of a method of detecting an anomalous heartbeat.

Figure 7 is a graphical illustration of heart beats and acceleration data.

Figure 8 is a graphical representation of an example relationship between user states and heart rate and measured
energy of acceleration.

Figure 9is a graphical representation of an example pair of transforms applied to measured beats and to a dictionary
to account for changes in user state in an embodiment.

Figure 10 illustrates an embodiment of a system for detecting abnormal heart beats.

Figure 11 illustrates an embodiment of a method of detecting abnormal heart beats.

Figure 12illustrates an embodiment of a subroutine or method to generate a trained dictionary for detecting abnormal
heart beats.

Figure 13 is a graphical representation of a portion of an ECG trace.

Figure 14 is a graphical representation of accelerometer data.

Figure 15 is a graphical representation of a windowed beat of an ECG trace.

Figure 16 illustrates an embodiment of a subroutine or method to detect abnormal heart beats using a trained
dictionary, an ECG trace and accelerometer data.

Figure 17 is a graphical representation of an ECG trace.

Figure 18 is a graphical illustration of an example of beats extracted from an ECG trace.

Figure 19 is a graphical comparison of an example beat of a user in a resting state and an example beat of a user
in a resting after an effort state.

Figure 20 is a graphical illustration of an example application of beat adaptation in an embodiment.

Figure 21 is a graphical illustration of an example application of dictionary adaptation in an embodiment.

Figure 22 is a graphical illustration of relationships between an adapted signal vector, a sparse representation
coefficient vector and a adapted dictionary in an iteration of an Orthogonal Matching Pursuit (OMP) algorithm in an
embodiment.

Figures 23A-23D illustrate example beats from patients in a study.

Figure 24 illustrates the global behavior of an embodiment of an anomaly detector in a study presented in the form
of whisker box-plots.

Figure 25 represents results for sample patients in a study.

DETAILED DESCRIPTION

[0013] In the following description, certain details are set forth in order to provide a thorough understanding of various
embodiments of devices, systems, methods and articles. However, one of skill in the art will understand that other
embodiments may be practiced without these details. In other instances, well-known structures and methods associated
with, for example, wearable devices and signal processing circuitry, such as transistors, multipliers, transmitters, NFC
circuits, integrated circuits, etc., have not been shown or described in detail in some figures to avoid unnecessarily
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obscuring descriptions of the embodiments.

[0014] Unless the contextrequires otherwise, throughout the specification and claims which follow, the word "comprise"
and variations thereof, such as "comprising," and "comprises," are to be construed in an open, inclusive sense, that is,
as "including, but not limited to."

[0015] Reference throughout this specification to "one embodiment," or "an embodiment" means that a particular
feature, structure or characteristic described in connection with the embodiment is included in at least one embodiment.
Thus, the appearances of the phrases "in one embodiment,” or "in an embodiment" in various places throughout this
specification are not necessarily referring to the same embodiment, or to all embodiments. Furthermore, the particular
features, structures, or characteristics may be combined in any suitable manner in one or more embodiments to obtain
further embodiments.

[0016] The headings are provided for convenience only, and do not interpret the scope or meaning of this disclosure.
[0017] The sizes and relative positions of elements in the drawings are not necessarily drawn to scale. For example,
the shapes of various elements and angles are not drawn to scale, and some of these elements are enlarged and
positioned to improve drawing legibility. Further, the particular shapes of the elements as drawn are not necessarily
intended to convey any information regarding the actual shape of particular elements, and have been selected solely
for ease of recognition in the drawings.

[0018] Normal ECG signals acquired under normal conditions may be characterized by specific morphological struc-
tures or patterns. On the other hand, ECG acquisitions that do not conform to such structures may be considered
anomalies. The morphology of a normal state may be complex, and an analytic or approximate model may be difficult
to develop.

[0019] The present disclosure proposes instead of using an analytic or approximate model, that a data-driven learning
procedure be employed, which in an embodiment is user specific, adaptable to changes in the user’s state, and which
is easily reconfigured by performing an unsupervised and robust learning stage.

[0020] ECG heart beats acquired under normal states may be characterized by specific morphological structures.
Figure 1 illustrates an example morphological structure of normal heart beats, and includes P, Q, R, S and T waves. In
an embodiment, a model is developed or learned from a set of training data which provides a sparse representation of
the normal data. In a testing phase, the reconstruction error, namely the discrepancy of test signals from the learned
model, may be monitored in order to detect anomalies. For example, when the reconstruction error exceeds a threshold
value, a beat may be classified as anomalous. A user state may be characterized as a combination of two features, a
heart rate HR and a measure of energy in the acceleration EE.

[0021] Sparse representation may allow complex signals to be modeled by sparse linear combinations, such as linear
combinations where only a few coefficients are non-zero, of a redundant set of atoms constituting a dictionary. Using
sparse representation modeling of the morphology of normal ECG signals may facilitate simplifying signal processing
tasks associated with detecting anomalous heart beats.

[0022] Non-sparse representation models have been proposed. See Li, et al., Detecting ecg abnormalities via trans-
ductive transfer learning, in Proceedings of the ACM Conference on Bioinformatics, Computational Biology and Bio-
medicine, pp. 210-217, ACM, 2012; Lagerholm, et al., Clustering ECG complexes using hermite functions and self-
organizing maps, Biomedical Engineering, IEEE Transactions on, vol. 47, no. 7, pp. 838-848, 2000; Sivaraks, et al.,
Robust and accurate Anomaly detection in ECG artefacts using time series motif discovery, Comp. Math. Methods in
Medicine 2015. Li has the disadvantage that all the data must be continuously transmitted from a wearable device to a
host in order for the data to be analyzed. Lagerholm adopts an unsupervised clustering procedure based on neural
networks and is directed to a classification problem of several different types of heart beats rather than anomaly detection.
Lagerholm also may be difficult to implement on a wearable device. Sivaraks does not support real-time detection. While
Alder, et al., Sparse coding with anomaly detection," Proceedings of IEEE, International Workshop on Machine Learning
for Signal Processing (MLSP), September 2003, pp 1-6, proposes learning a specific model for a user, the approach in
Alder is not robust, and is not adaptable to changes in a user state.

[0023] The term sparse refers to a measurable property of a vector that concerns the number of its non-zero entries.
The €,-pseudonorm (referred to herein as €,-norm or operator) measures the sparsity of a vector. The £y-norm of a

vector x € RN is the number of non-zero entries in x. The notation x|, is used to represent the €,-norm of x. A vector
x is considered to be T-sparse if ||x|jp < T.
[0024] The €4-norm is the sum of the absolute value of the entries in a vector. The €,-norm is the Euclidean length of

a vector (the square root of the sum of the absolute squares of the elements of a vector). The Frobenius norm is the
square root of the sum of the absolute squares of the elements of a matrix. The notation |4, |||, and ||z will be used

d;. e RY

for the €4, €, and Frobenius norms respectively. Given N vectors
a matrix may be defined as

fori=1, ..., N, a dictionary in the form of
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_ MXN
D=[di[---|dy] € R (1
with the columns d; referred to as atoms. If M < N, D is considered to be an over complete dictionary.

MxN M
[0025] Let DeR be an over complete dictionary and let $ ER" pea given data vector. A Po problem may
be represented as

argmin X, st. DX =Ss. 2)
X

[0026] In the above problem if a sparse vector X € RN is found as a solution, x is called a sparse representation of
s. In general, sparsest approximations are not unique but there are conditions in which they can be. For more details
about conditions for uniqueness of sparse representation please refer to M. Elad, Sparse and Redundant Representa-
tions: From Theory to Applications in Signal and Image Processing, Springer Pub. Co. 1st Ed. 2010.

[0027] A more general version of the problem of equation (2) addresses the presence of noise in the data, which is a
realistic assumption in real applications. More particularly, it may be assumed that the following model holds:

s =Dx +e, 3)

where e is a noise term, which includes both errors in the measurement and in the approximation model. In this case

the signal s may be approximated by sparse representations with respect to the dictionary D, s ~ Dx. Let cER be
€
fixed, we define the 0 problem as

argmin x|, s.t. I1Dx—sll, <& (4)
X

N
[0028] If a sparse vector X € R is a solution to the above problem it is a sparse approximation of s. In this problem

€
there is more flexibility of choice for x since it is no longer necessary to reproduce s exactly. In the ?0 problem a noise
termis included in the model, in other words, the system s = Dx + e is considered, where e represents a noise component.
In this case, instead of uniqueness conditions, theoretical results examine the stability of the solution x given an upper
bound on the noise magnitude |e|,. See, Elad. Another useful formulation for the case s ~ Dx which explicitly forces a

T-sparsity constraint on x is the following

argmin||Dx-sll, s.t. [[xllp <T (3)
X

r N
with T a known fixed value. This formulation is referred to herein as ?0 problem. If a sparse vector xeR is a

T
solution to the PO problem, then x is a sparse approximation of s. In this problem there also is more flexibility of choice
for x since it is no longer necessary to reproduce s exactly. In this case as well, instead of uniqueness conditions,
theoretical results examine the stability of the solution x given an upper bound on the noise magnitude ||e||,. See, Elad.

£ T
[0029] Orthogonal Matching Pursuit (OMP) is a greedy algorithm for finding an approximate solution to PO and PO
problems. OMP constructs an approximation by going through an iteration process. At each iteration, the locally optimum
solution is calculated (for example, for equation 5). This may be done by finding the column vector in D which most
closely resembles a residual vector r. The residual vector starts out being equal to the vector that is being approximated,
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r0) = s, and is adjusted at each iteration to take into account the vector previously chosen. This sequence of locally
optimum solutions may lead to the global optimum solution. As usual this is not the case in general although there are
conditions under which the result will be the optimum solution. OMP is based on a variation of an earlier algorithm called
Matching Pursuit (MP). MP simply removes the selected column vector from the residual vector at each iteration. OMP
instead uses a least-squares step at each iteration to update the residual vector in order to improve the approximation.
The usual termination criteria for these iterations are [|r()||, < 2 or [x(]|; > T or a combination thereof. Figure 2 is a graphical
illustration of the relationships between the vectors S and X and a dictionary D in an iteration of an OMP algorithm in
an embodiment.

[0030] Figure 3 illustrates an embodiment of a method 300 of applying an OMP algorithm. The method starts at 302
and proceeds to 304. At 304, a dictionary D, the data vector to be approximated s, optionally a noise bound &, and a
target sparsity T are defined, for example by retrieving, receiving or generating the dictionary D, the data vector s, the
noise bound &, and/or the target sparsity T. The noise boundary ¢ sets a limit such that x s.t. |Dx - s|, < & The target
sparsity T sets the condition |x||, < T. The method proceeds from 304 to 306.

[0031] At 306, the method 300 sets the residual r®) = s, index i = 0 and index set W, =0,/. The method proceeds from
306 to 308. At 308, w; is defined as w=/ where d, gives the solution of max(r;, d)). The method proceeds from 308 to
310. At 310, the set W;is updated as W, = W,y U {w;}. The method proceeds from 310 to 312. At 312, the least-squares

argmin ”y - Z§'=1X(Wj)de ||2

problem XeR is solved. The method proceeds from 312 to 314. At 314, the new

S Iy =8— Z}-=1 X(Wj)dw-- . o
residual is calculated as J The method proceeds to 316. At 316, the index i is incre-
mented. The method proceeds from 316 to 318. At 318, the method determines whether the iterations should terminate.
As illustrated, this is done by determining whether ||x()||, > T. When it is determined at 318 that |x(||, = T, the method

300 returns to 308 for the next iteration. When it is not determined at 318 that |x()||, > T, the method proceeds from 318
to 320, where the iterations are terminated and the current residual vector is output. Embodiments of the method 300
may perform additional acts, may perform fewer acts, may modify performed acts, and may perform acts in orders other
than as illustrated. For example, the method may be modified to determine at 318 whether |r()], < 2 or |x@||y > T, and
the decision as to whether another iteration is to be performed may be made based on this determination.

[0032] An embodiment of another OMP algorithm is set forth in Table 1, below.

Algorithm 1 OMP

Require: Dictionary D, s, target sparsity T

Ensure: xst. ||[Dx—s|, <eand |x|lo <T
1. Set the residual r% = s, i = 0 and index set W, = ()
2: while x|, > T do
3. Let w; =/ where d; gives the solution of max(r;, d,)
4 Update the set W; as Wi = Wi_; U{w}

5. Solve the least-squares problem argmin|ly — Z;_ﬂ X(w;)dy, |2
XER!
j

6:  Calculate the new residual as r') = s — o X(wy)d,,
7. Seti=i+1
8. end while

Table 1: Example OMP Algorithm
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[0033] In an embodiment, the detection of anomalies is based on the analysis of single beats. Beats are extracted

from ECG recordings. A heart beat extracted may be denoted by $ S RM- In an embodiment, a training set of normal
beats acquired in normal sensing conditions is provided. For simplicity, an embodiment employing supervised training
will be considered first, where labeled training data belonging to the normal class are available (an even easier situation
would occur when both normal and abnormal samples are provided). An embodiment employing unsupervised training,
where labels for the training data are not provided, will then be discussed.

[0034] Itis assumed that a normal test beat s may be well approximated as

s~ Dx (6)

where D is an unknown dictionary and the coefficients vector x is sparse. The following explains an example of how to
compute the dictionary D and the coefficient vector x together with the proposed anomaly detector, namely dictionary
learning and anomaly detection, of an embodiment.

n
[0035] In an embodiment, a database of training samples {si}i=1 belonging to a normal class is given. The training

— MXxN
signals are assumed to have been generated as s; = Dx; + e;, where D= [dl] [dN] € R is a fixed but
M
N .
unknown dictionary, X, €ER T-sparse (|x|o< T) fori=1,..., n, with T a fixed known value, and ¢ € R is a random
perturbation noise with bounded power |e], < sfor i =1, ..., n. The dictionary D which gives the best T-sparse repre-
n
{s:}: {x; )i,

=1 andthe sparse representations are determined. The matrices

,$,] € R

sentation of the given training samples

obtained by concatenating column-wise the vectors s;and x;respectively may be denoted by S= [S],

NXn
and X = [X1|--- |xn] € R * A suitable minimization problem of an embodiment may be represented as:

argmin||DX — S||% s.t.|Ix;ll, ST fori=1,..,n
D.{x}j,

lajf|, = 1forj=1,.,N (7)

where F denotes the Frobenius norm. The condition |x{|, < T contrains the sparsity of the representation in each vector
in the training set, while |dj|, = 1 is a constraint on the norm of each column of the dictionary D which avoids trivial
solutions. Note that this formulation is a matrix version of Equation (5) where D is unknown. This joint optimization
problem can be solved using a K-SVD algorithm. See Aharon, et al., Svd: An algorithm for designing overcomplete
dictionaries for sparse representation, Signal Processing, IEEE Transactions on, vol. 54, No. 11, pp. 4311-4322, 2006.
An illustrative example of a learned sparse model is shown in Figure 4.

[0036] K-SVD is an iterative algorithm which addresses a problem (such as the problem of equation 7) by alternating
minimization over D and X. K-SVD starts with a fixed number of iterations and an initial dictionary D (such as a dictionary
with totally random entries or a dictionary having a randomly chosen subset of the training vectors). The general iteration
alternates between optimizing the coefficients X and the dictionary D. The coefficients are first computed, for example
using an OMP algorithm, and then a dictionary update is performed jointly with an update of the coefficients. The joint
dictionary and coefficient update comprises an iteration over each atom in the dictionary, jointly updating that atom and
the corresponding coefficient elements. For each dictionary atom d, for /=1, ..., N, the residual error is defined

El = S - DX + dle (8)

T
where X; is the row [ of X. The residual error assesses the dictionary performance taking aside the contribution of
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T
the selected atom. Then the optimum values of d, and X) can be computed as
ar%fxninIIEl —dxT||2 s.t. ||ld]l, =1 (9)

Since dxT has rank 1, the minimizers of the problem (e.g., the problem of equation 9) can be found as the optimum rank-
1 approximation of E; using SVD. Given E - L =U 2V the SVD of E;, d and x may be set as d = uy and x = 54v4. Note
that this update will not usually give a sparse x, thus the columns of X will not be sparse in general. This may be addressed
by defining ,::/ as the restriction of E, to those columns for which the corresponding entries in X{
applying the same process to E',.

[0037] An embodiment of a method 500 of applying a K-SVD algorithm to define a dictionary D is illustrated in Figure
5. The method 500 starts at 502 and proceeds to 504. At 504, an initial dictionary D(9) a training set S = [s1,....8,], @
target sparsity T, a number of iterations J, and a noise bound ¢ are defined, for example by retrieving, receiving or
generating the dictionary D, the training set S, the noise bound ¢, the target sparsity T and or the number of iterations
J. The method proceeds from 504 to 506.

[0038] At 506, anindex ifor an OMP algorithm is initialized and the method proceeds to 508. At 508, the method 500

U+1) _
determines coefficients of vectors of the matrix X using, for example, an OMP algorithm. As illustrated, i

are non-zero, and

argmin”DU)x - si”2 stxlly <T
X is computed for an ith vector in the matrix X and the method proceeds from
508 to 510 where the index i is incremented. The method 500 proceeds to 512 where it is determined whether all of the
vectors of the matrix X have been processed, as illustrated this is done by determining whether i = n + 1. When it is
determined at 512 that not all of the vectors of the matrix X have been processed, the method proceeds from 512 to
508 to process the next vector. When it is determined at 512 that all of the vectors of the matrix X have been processed,
the method proceeds from 512 to 514.
[0039] At 514, an index k for optimizing the dictionary D and the coefficients X is initialized and the method 500
proceeds to 516. At 516, the method 500 optimizes the dictionary D and the coefficients X. As illustrated, this includes

). dv*™v = o.
setting / equal to the indices of signals in S whose representations use ~k * setting ’ setting
oG+ G, {d,. 9} = argminlIE ~
E=5-D"" "X 7 dy dy”llr st l1dll, = 1;

computing and updating

A

and X, = y'. The method 500 proceeds to 518, where the index k is incremented. The method proceeds

to 520 where it is determined whether all of the vectors of the dictionary D have been processed, as illustrated this is
done by determining whether k = n + 1. When it is determined at 520 that not all of the vectors of the dictionary D and
of the matrix X have been processed, the method proceeds from 520 to 516 to process the next vector. When it is
determined at 520 that all of the vectors of the dictionary D and the matrix X have been processed, the method proceeds
from 520 to 522.

[0040] At522,the method 500 increments the indexj and proceeds to 524. At 524 the method 500 determines whether
the desired number of iterations has occurred, as illustrated this is done by determining whether j = J + 1. When it is
determined at 524 that more iterations are desired, the method proceeds from 524 to 506 to start the next iteration.
When it is determined at 524 that the desired number of iterations have been completed, the method proceeds from
524 to 526, where the dictionary D) and the coefficient matrix X are output. Embodiments of the method 500 may
perform additional acts, may perform fewer acts, may modified acts, and may perform acts in orders other than as
illustrated.

[0041] An embodiment of another K-SVD algorithm is set forth in Table 2, below.

d}({f"‘l) — 4
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Algorithm 2 K-SVD
Require: Initial dictionary D@, training set S = [s;,...,s,], target sparsity
T, number of iterations J
Ensure: Dictionary D = DY), coefficient matrix X s.t. || X —S|% and ||x;[|o <
T fori=1,...,n
while | < J do
fori=1... ndo
Compute /™ = argmin||DYx — 5|, s.t. |Xllo < T (OMP stage)

i
X

for/=1,...,Ndo .@
Set | = { indices of signals in S whose representations use d/'}
SetdV™ =0

1:
2
3
4. end for
5
6

7

g Set E=5, — DUrHXUTY

9: Compute {d;, ¥} = argmin||E —dy’ ||¢ s.t. ||d], =1
dy

10: Update d,{;"‘m =dand X, =¥

11:  end for

122 Setj=j +1
13: end while

Table 2: Example K-SVD Algorithm

[0042] Observe that optimization problems (such as the problem of equation 9 above) can also be interpreted terms
of matrix factorizations. The problem of discovering an underlying dictionary may be viewed as the same as the problem
of discovering a factorization of the matrix S as DX where D and X have the indicated sizes, and X has sparse columns.
This matrix factorization viewpoint connects this problem with related problems of nonnegative matrix factorization and
in particular, sparse nonnegative matrix factorization.

M
[0043] Assume now that a test signal $ e R js given. The sparse coding of s with respect to the learned dictionary
D corresponds to computing a vector x of coefficients that is expected to be T-sparse. This problem can be formulated

T

as an instance of the ' 0 problem and can be computed, for example, by using an embodiment of the method 300 of
Figure 3 or an embodiment of the algorithm of Table 1.

[0044] The T-sparse approximation x of a test signal s can be used as a tool to measure the extent to which the signal
s is normal or anomalous. To quantitatively assess how close a test signal is to the normal ones, anomaly indicators
may be used that measure the degree to which a sparse approximation is accurate. When approximating anomalous
signals by linear combinations of a few atoms of D, a substantial deviation in the reconstruction error may be expected
since atoms of D were learned to represent normal data. To this purpose, a viable anomaly indicator in an embodiment
would be the root-mean-square error (RMSE):

11
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IDx — sll, (10)

RMSE 1) (s):= N

[0045] This anomaly indicator can be considered to map from ]RM space of signals) into a low-dimensional feature

space (R in this case), where features from normal signals follow an unknown distribution. Signals yielding unusual
values of this indicator can be considered anomalies. One of the most straightforward solutions to detect anomalies
comprises building a suitable confidence region and considering anomalous the signals s yielding RMSE , 1(s) falling

outside of this region. In an embodiment, the scalar anomaly indicator, may be

Ioc = [0, Qa] (11)

where q, denotes the a-quantile of the empirical distribution of the RMSE (9). In particular, s may be considered anom-
alous if RMSE p 1(s) ¢ [, or equivalently RMSE p, 1(s) > q,.

IQR:=qs —q1
[0046] In an embodiment, the interquartile range 4 4 may be 4 4 considered and the confidence

region defined as
I, =|0.:+ plor| (12)
4

RMSE@pv(s) > qs + plQR.

[0047] Inthis case s may be considered anomalous if 4 Anillustration of an example
pipeline method 600 is depicted in Figure 6. At 602, a test signal s is obtained or provided which includes heart beat
information. The signal is subjected to OMP processing (see, e.g., method 300 of Figure 3) at 604 to produce an indication
of a root-mean-square-error RMSE. At 606, a threshold vy is determined based on the defined confidence region (e.g.,
y represents g, or gs4 + p/QR in the examples discussed above). The RMSE error and the threshold y are compared

at 608 to determine whether the RMSE error is greater than the threshold y. When it is determined that the RMSE error
is greater than the threshold at 608, the method 600 proceeds to 610 to perform processing consistent with a detected
anomaly, such as initiating transmission of data indicating an anomaly in an embodiment, proceeding to process the
next beat, etc. When it is not determined that the RMSE error is greater than the threshold at 608, the method proceeds
to 612 to perform processing consistent with a normal beat, such as not initiating a transmission of data in an embodiment
and processing the next beat, etc. Other indications of the reconstruction error may be employed in an embodiment.
[0048] As mentioned above, a user state may be characterized by a heart rate HR and a measured energy of accel-
eration EE. Figure 7 graphically represents heart beats 702 from which a heart rate may be measured and corresponding
acceleration data 704 from which an energy of acceleration may be determined. During everyday activities, both the
heart rate and the morphology of the beats of a user may be expected to change in response to changes in a user state.
An embodiment may automatically adjust to compensate for changing user states. To facilitate adaptability to such
changes, the current user’s state may be characterized by the heart rate (HR) and the corresponding measured energy
of the acceleration (EE). The heart rate may be measured in terms of beats in a unit of time, such as a number of
contractions of the heart per minute (bpm). The current heart rate can be computed by considering fixed-size windows
of, for example, 10 seconds each, and, for each window computing a robust statistic of the punctual heart rates of the
beats in the window (discussed in more detail elsewhere herein). The energy of the acceleration may be defined as the
I, norm of the accelerometer data corresponding to the current beat.

[0049] Combining these two features facilitates covering several states (e.g. Resting, Walking, Sleeping, Resting after
an Effort, Walking after an Effort), as well as identifying outlier beats with respect to the combination, as depicted in
Figure 8. Observe that rather than being viewed as an exercise in classifying the user’s state, the process may be viewed
as delineating the feature space (HR; EE). For example, each pair of values (HR; EE) may be associated with a corre-
sponding pair of transformations P(HR; EE) and F(HR; EE) to be applied to the beat s and the dictionary D in order to
be adapted to the corresponding state. For example, s, = P(HR; EE)(s) and D, = P(HR; EE) - F(HR; EE)(D), where s,
and D, represent the adapted beat and dictionary respectively. For simplicity, the composition P(HR; EE) - F(HR; EE)
may be denoted G(HR, EE). P(HR; EE) may be considered a beat transform and G(HR, EE) may be considered a

12
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dictionary transform.

[0050] In an embodiment, the transformations P and F may be generic, e.g., they do not depend from the specific
user. For example, the transformations may be learned by using several users as a training set. The transformations
may be used to keep the reconstruction error (respectively before and after the adaptation) substantially unchanged as
the user state changes. In this way the detector may be made substantially invariant with respect to changes in the
user’s state. Such transformations may be generated offline via, for example, statistical analysis such as Procrustes
Analysis, Transfer Learning, Dynamic Time Warping, etc.

[0051] Figure 8 graphically represents example user states (as illustrated, resting, walking, sleeping, resting after an
effort, walking after an effort) and an example relationship between the user states and heart rate HR and measured
energy of acceleration EE. As discussed above, transforms to account for the user state may be defined and employed.
Figure 9 illustrates an example pair of transforms P(HR, EE) 902 and F(HR, EE) 904 to be applied to the measured
beats and to the dictionary to account for changes in user state. Example transforms and the application thereof are
discussed in more detail elsewhere herein. Other user states and relationships may be defined and employed.

[0052] Figure 10 illustrates an embodiment of a system 1000 for detecting abnormal heart beats. The system 1000
as illustrated comprises one or more processors P, one or more memories M and discrete circuitry DC, which, alone or
in various combinations, are configured to provide the functionality and/or implement the circuitry of the system 1000.
As illustrated, the system 1000 is communicatively coupled (e.g., wired or wirelessly coupled) to one or more sensors
1002 which provide data, such as ECG traces and accelerometer data, to the system 1000. In some embodiments, one
or more sensors may be integrated into the system 1000. The system 1000 includes a training circuit or module 1020,
which, in operation trains a dictionary using, for example, an embodiment of one of the methods discussed herein. The
system 1000 includes a detecting circuit or module 1030, which, in operation, detects anomalous heart beats using a
trained dictionary and an embodiment of one the methods discussed herein. As illustrated, the system 1000 also is
communicatively coupled (e.g., wired or wirelessly coupled) to one or more remote or local servers 1050, such as a local
host (e.g., a cell phone, mobile device, etc.) and a local or remote server providing patient monitoring functionality. In
some embodiments, the system 1000 may be communicatively coupled to a local host (e.g., a cell phone) which is in
turn communicatively coupled to a remote server (e.g., a health monitoring server). The system 1000 includes a com-
munication circuit or module 1040, which, in operation, controls communications between the system 1000 and other
devices, such as sensors 1002 and remote/local servers 1050.

[0053] Figure 11 illustrates an embodiment of a method of detecting abnormal heart beats that may be employed, for
example, by an embodiment of the system 1000 of Figure 10. For convenience, Figure 11 will be discussed with reference
to system 1000 of Figure 10. The method 1100 begins at 1102 and proceeds to 1104. At 1104, data (which may be real-
time data or stored data), such as an ECG trace and optionally accelerometer data, is used, for example by a training
module, such as the training module 1020 of Figure 10, to train a sparse model dictionary D, which may be stored, for
example in the memory M of system 1000 of Figure 10. The data may be live data received, for example, from a sensor
such as the sensor 1002 of Figure 10, or stored training data, such as data received from a server, such as the server
1050 of Figure 10. The input may include, for example, an ECG trace of, for example, seven minutes or more. A trace
of seven minutes would normally provide sufficient beats (e.g., 500 or more beats) to generate a sufficient training data
set. Inan embodiment, the training data set may be a data set for a user in arelative resting state during the training period.
[0054] The method 1100 proceeds from 1104 to 1106. At 1106, the sparse model dictionary trained at 1104 is used,
for example by a detecting module such as the detecting module 1030 of system 1000 of Figure 10, together with
accelerometer data, to classify beats of a continuous ECG trace as normal or anomalous. The method 1100 proceeds
from 1106 to 1108, where, as illustrated, the method terminates. The method 1100 may include additional acts not shown
in Figure 11, may not include all of the acts shown in Figure 11, and may split the acts shown in Figure 11 into multiple
acts. For example, an embodiment may include an additional act of enabling or waking communication circuitry (such
as communication circuit 1040 of Figure 10) in response to detection of an anomalous heartbeat. This may facilitate
saving system power by enabling the communication circuitry when a communication (such as an indication of the
detection of the anomalous heart beat) is desirable.

[0055] Figure 12 illustrates an embodiment of a training subroutine or method 1200 to train a dictionary for detecting
abnormal heart beats, which may be employed, for example, by an embodiment of the method 1100 of Figure 11 and/or
by an embodiment of the system 1000 of Figure 10. The training is based on analysis of individual beats, for example
of individual beats in an ECG trace of a user. The training stage selects a proper training set of sample beats and
generates a sparse dictionary D based on the training set of sample beats. Figure 13 is a graphical representation of a
portion of an ECG trace or stream that may be input to the training subroutine or method 1200. The input of this stage
may be an ECG stream of a time length of, for example, around seven minutes, which may provide around 500 beats,
with the user in a relative resting condition, and accelerometer data. The output is a dictionary D associated to a fixed
sparsity level T.

[0056] Although a cardiac cycle starts at the beginning with a P-wave, an embodiment does not need to be precise
in isolating a heartbeat. Instead, portions of tracing that are expected to repeat along the time and to conform to each
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other may be selected. In an embodiment, the R-peaks as used as reference points for the repetitive phenomenon and
a fixed window is selected around the R-peak. In the discussion, heartbeats, or simply beats, refers to such collections
of samples inside the window. Also, an embodiment may employ preprocessing and filtering steps to analyze the signal.
[0057] The method 1200 proceeds from 1202 to 1204, for example in response to calling of the training subroutine.
[0058] At 1204, the R-peaks of each heart beat are detected. This may be done, for example, by filtering the ECG
traces, for example using two median filters, to remove the baseline, and detecting the R-peaks in the filtered signal
using, for example, a Pan-Tompkins algorithm. See Pan, et al., A real-time qgrs detection algorithm, Biomedical Engi-
neering, IEEE Transaction on, No. 3, pp 230-236, 1985. The R-peaks are used as reference points for the heartbeats.
The method 1200 proceeds from 1204 to 1206.

[0059] At 1206, heart rates are estimated. For example, a punctual heart rate (RR) and a reference heart rate (RHR)
may be estimated. The heart rate is a number of contractions of the heart per minute, e.g., beats per minute. The punctual
heart rate may be measured, for example, by dividing 60 by the time difference in seconds between an R-peak of a beat
and an R-peak of an adjacent beat. The reference heart rate may be considered as a reference heart rate for a particular
user in resting conditions, and may be determined, for example, based on a statistical analysis of the punctual heart
rates of the trace. For example, the RHR may be set to the median of the punctual heart rates. An embodiment may
identify inliers in the punctual heart rate, and exclude outliers. For example, inliers may be identified by determining
whether individual punctual heart rates are within a threshold range of the reference heart rate of the trace (e.g., [RHR
-5 bpm, RHR + 5 bpm]). The method proceeds from 1206 to 1208.

[0060] At 1208, the beats of the stream are windowed, for example using a reference window of a reference window
size, which may be a fixed size, such as, for example, R - 0.35 seconds, R + 0.35 seconds. For each R-peak, a fixed-
size window with a center located in the R-peak is extracted from the ECG stream. For example, one can consider
windows of size 0:7s (0:35s around the R-peak). Observe that, since the RHR is expected to range from 60 to 100 bpm,
a window of 0:7s facilitates selecting all the PQRST waves of the current beat without including waves from the previous
or subsequent beats. The chosen fixed-size window size may be referred to as a reference window size (RWS) and
considered as the reference window for the particular user in resting conditions. At this level, heartbeats, or simply beats,
refers to the collection of samples inside the chosen window. Figure 15 is a graphical representation of an example of
a windowed beat of an ECG trace. The method proceeds from 1208 to 1210.

[0061] At 1210, motion estimation is performed. In an embodiment, accelerometer data is provided as an input. The
ECG data stream and the accelerometer data are synchronized or assumed to be synchronized. For each heartbeat
the energy of the acceleration (EE) of the associated accelerometer data is measured. In an embodiment, the energy
of the acceleration is defined as the /, norm of the accelerometer data corresponding to a window of size RWS around
the R-peak. Outliers in the accelerometer data distribution may be identified, using, for example, confidence intervals
based on sliding windows along the trace. See Figures 7-8 and the description thereof. Figure 14 is a graphical repre-
sentation of an example of accelerometer data. The method proceeds from 1210 to 1212.

[0062] At 1212, beats are selected to obtain a reliable training data set with an almost constant heart rate. This may
be done by discarding beats identified as outliers at 1206 (RR outliers) or 1210 (beats associated with outlier acceler-
ometer data, and/or beats inconsistent with a resting state), etc. With regard to the outlier beats with respect to the
punctual heart rate RR, such beats may be excluded because the outlier status may be an indicator the beats are highly
affected by noise or motion artifacts, or failures in the sensing process due, for example, in involuntary movements of
the user. With regard to outlier beats with respect to the accelerometer data, such beats may similarly be excluded as
likely to be affected by noise or motion artifacts. With regard to beats inconsistent with a resting state, such beats may
be excluded from the data used for the training set and/or a high number of such beats may indicate the trace is not
suitable for use in the training phase. In an embodiment, beats may be selected for the training phase which have inlier
punctual heart rates and inlier accelerometer data. The selected beats may also be subjected to preprocessing at 1212,
such as obtaining a zero-mean vectors by subtracting the mean (e.g., vertically translating the beats). The preprocessed
selected beats form a training data set s;, which may also be denoted:

TS ={s},

[0063] If the number of selected beats in the training data set is too low (e.g., less than a threshold number, such as
500 beats), additional beats may be analyzed and added to the training set. The method proceeds from 1212 to 1214.
[0064] At 1214, the dictionary is learned from the training data set s;. This may be done, for example, using an
embodiment of the method 500 of Figure 5 and/or an embodiment of the K-SVD algorithm of Table 2. The method
proceeds from 1214 to 1216, where the subroutine may return the dictionary D, further processing may occur, etc. For
example, the dictionary D may be provided to an anomaly detection subroutine, as discussed elsewhere herein. Em-
bodiments of the method 1200 may perform additional acts not shown in Figure 12, may perform the acts of Figure 12

14



10

15

20

25

30

35

40

45

50

55

EP 3 251 594 A1

in different orders, may omit acts shown in Figure 12, and may combine or split acts shown in Figure 12. For example,
in an embodiment the method 1200 may be modified to check whether beat selection at 1212 indicates an ECG trace
is unsuitable for use in generating a dictionary D, and when it is determined that an ECG trace is unsuitable, to collect
another ECG trace to use for training the dictionary D.

[0065] Figure 16 illustrates an embodiment of a subroutine or method 1600 to detect abnormal heart beats using, for
example, a trained dictionary, a current ECG trace and accelerometer data. Figure 17 is a graphical representation of
an ECG trace that may be provided as input to the subroutine 1600. The method 1600 may be applied to individual
beats, and may be applied sequentially to a series of individual beats, or in parallel to sets of individual beats. The output
for each beat is an indication of whether the beat is normal or anomalous. The subroutine 1600 extracts single heartbeats
from the continuous ECG stream in input. Also, some preprocessing and filtering steps may be employed before analyzing
the signal. The method 1600 begins at 1602 and proceeds to 1604.

[0066] At 1604, the R-peaks of each heart beat are detected. This may be done, for example, by filtering the ECG
traces, for example using two median filters to remove the baseline, and detecting the R-peaks in the filtered signal
using, for example, a Pan-Tompkins algorithm. See Pan, et al., A real-time qgrs detection algorithm, Biomedical Engi-
neering, IEEE Transaction on, No. 3, pp 230-236, 1985. Figure 18 is a graphical illustration of an example of beats
extracted from an ECG trace. The method 1600 proceeds from 1604 to 1606.

[0067] At 1606, a punctual heart rate (RR) is measured, for example by computing the time difference between R-
peaks of a beat and an adjacent beat. A local heart rate (HR) is determined for reference windows (time intervals), which
may be, for example, of a fixed size such as 10 seconds. Statistical analysis may be employed to determine the local
heart rate HR, for example, the median of the punctual heart rates for beats in the window may be employed as the local
heart rate in an embodiment. In an embodiment, the interquartile range IQR = Q3 - Q; may also be determined, where
Q3 and Qq are respectively the third and first quartile of the RRs in the window. Outliers in the punctual heart rate may
be identified, for example, based on thresholds. For example, RRs below Q, - 1.5(/QR) or above Q5 + 1.5(IQR) may be
identified as outliers. Other methods of identifying outliers may be employed, such as Median Absolute Deviation (MAD).
Itis noted that different thresholds and other criteria may be employed in an embodiment to identify outliers in the training
and detecting methods or routines. RRs identified as outliers may be removed prior to anomaly detection, as discussed
below.

[0068] The method proceeds from 1606 to 1608. At 1608, the beats of the stream are windowed, for example using
a reference window of a reference window size, which may be a fixed size, such as, for example, R - 0.35 seconds, R
+ 0.35 seconds. For each R-peak, a fixed-size window with a center located in the peak is extracted from the ECG
stream. For example, one can consider windows of size 0:7s (0:35s around the R-peak). Other window sizes may be
selected, for example to facilitate selecting all the PQRST waves of the current beat without including waves from the
previous or subsequent beats. The chosen fixed-size window size may be referred to as a reference window size (RWS)
and considered as the reference window for the particular user. At this level, heartbeats, or simply beats, refers to the
collection of samples inside the chosen window. Figure 15 is a graphical representation of an example of a windowed
beat of an ECG trace.

[0069] The method proceeds from 1608 to 1610. At 1610, motion estimation is performed. In an embodiment, accel-
erometer data is provided as an input. The ECG data stream and the accelerometer data are synchronized or assumed
to be sychronized. For each heartbeat the energy of the acceleration (EE) of the associated accelerometer data is
measured. In an embodiment, the energy of the acceleration is defined as the I, norm of the accelerometer data corre-
sponding to a window of size RWS around the R-peak. Outliers in the accelerometer data distribution may be identified,
for example, using confidence intervals based on sliding windows along the trace. See, Figures 7-8 and the description
thereof. It is noted that different thresholds and other criteria may be employed in an embodiment to identify outliers in
the training and detecting methods or subroutines. Figure 14 is a graphical representation of an example of accelerometer
data. The method proceeds from 1610 to 1612.

[0070] At1612, beats are selected so as to exclude beats which may give rise to false positive indications of anomalies.
In an embodiment, this may be done by excluding beats which have both (i) a punctual heart rate identified as an outlier
with respect to a local heart rate and (ii) corresponding accelerometer data identified as outlier. Such beats may be
excluded because the outlier status under both criteria may be an indicator the beats are highly affected by noise or
motion artifacts, or failures in the sensing process due, for example, in involuntary movements of the user. It is noted
that a beat which is an outlier with respect to the RR distribution, but which is an inlier with respect to the accelerometer
data, may be an anomalous beat (e.g., an atrial premature beat, a rhythmical anomaly beat, etc.). Thus, in an embodiment
beats which are outlier with respect to condition (i), but which are inlier with respect to condition (ii), may be included in
the beats selected for anomaly detection. In an embodiment, a beat which is outlier with respect to condition (i), but
which is inlier with respect to condition (ii) may be classified as anomalous at 1612, with an indication the beat should
be classified as anomalous being taken into account at 1622, as shown in Figure 12 by the dashed line 1626.

[0071] It also is noted that beats which are inlier with respect to condition (i), but which are outlier with respect to
condition (ii), may be selected for anomaly detection in an embodiment because the inlier status with respect to condition
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(i) may be an indicator that the morphology of the beat is preserved, and thus useful information may be obtained by
including the beat in the analysis. The selected beats may also be subjected to preprocessing at 1612, such as obtaining
a zero-mean vectors by subtracting the mean (e.g., vertically translating the beats). The method proceeds from 1612 to
1614.

[0072] At 1614, each beat is associated with a pair of transforms P(HR, EE) and F(HR, EE). See e.g., Figures 7-9
and the description thereof. The method proceeds from 1614 to 1616. At 1616, beat adaptation is applied to a beat to
accountfora current user state. Inan embodiment, the currentbeat s is adapted using the identified transform P as follows:

sa =P(HR, EE) - s (13)

where s, is the adapted beat. For example, if for the current beat s the HR is relatively high, while the EE is relatively
low (with respect to some derived thresholds), this may be taken as an indication that the current user state is resting
after an effort. See Figure 8.

[0073] In this case, the transform P(HR, EE) may simply coincide with the projection onto a window of a size smaller
than the window RWS. For example, if the heart rate is high, the beats may follow one another more closely and too
wide a window (e.g., a window of size RWS), may include waves from previous or subsequent beats. See Figure 19,
which illustrates an example beat in a resting condition (top) contrasted with an example beat in a resting after an effort
condition (bottom). In mathematical terms, P(HR, EE) may correspond to an identity matrix where one or more of the
first and last elements of the diagonal are set to zero. This situation is illustrated in Figure 20, which is a graphical
illustration of an example application of beat adaptation in an embodiment to adapt a beat sg,yg Of a user in a resting
after effort state using a transform P(HR, EE) to generate an adapted beat s,. The method 1600 proceeds from 1616
to 1618.

[0074] At 1618, dictionary adaptation is applied to a beat to account for a current user state. In an embodiment, the
current D is adapted using the identified transform F as follows:

D, = P(HR, EE) - F(HR, EE)(D) = G(HR, EE)(D) (14)

where D, is the adapted dictionary. For example, if for the current beat s the HR is relatively high, while the EE is
relatively low (with respect to some derived thresholds) (the same conditions as discussed in the example at 1616), this
may be taken as an indication that the current user state is resting after an effort. See Figure 8. In this case, as discussed
above, the transform P(HR, EE) may simply coincide with the projection onto a window of a size smaller than the window
RWS. From Figure 19, which illustrates an example beat in a resting condition (top) contrasted with an example beat in
a resting after an effort condition (bottom), it can be seen that in the resting after an effort state, the morphology of the
beats PQRST is slightly stretched. Thus, in an embodiment, F(HR, EE) may be a band matrix containing weights
corresponding to stretched waves. See Figure 9, which shows an example of a matrix P 902 and a matrix F 904 which
may be employed by an embodiment when a beat is in a resting after an effort state. Note that G(HR, EE) = P(HR, EE)
- F(HR, EE) may be a band matrix, for example, when a beat corresponds to a resting after an effort user state, which
also projects the atoms of the dictionary onto a window of a smaller size than RWS, as shown in Figure 21. The method
1600 proceeds from 1618 to 1620.

[0075] At 1620, the T-sparse approximation x of an adapted test beat s, is determined with respect to the adapted
dictionary D,. Note that s, € RMA, the adapted test beat of s with respect to the adapted dictionary D,. This may be
done using an OMP algorithm, such as the method 300 of Figure 3 or the algorithm of Table 1, to provide an approximate
solution to the following problem:

argmin||Dax-sall, s.t. IXllp <Tfori=1,..,n (15)
X

Figure 22 is a graphical illustration of the relationships between the vectors s, and x and a dictionary D, in an iteration
of an OMP algorithm in an embodiment for a user in a resting after an effort state.

[0076] The method 1600 proceeds from 1620 to 1622, where detection of anomalous beats is performed. This may
be done by determining an anomaly indicator for a beat s based on the sparse approximation x of an adapted test beat
s, with respect to the adapted dictionary D, comparing the anomaly indicator to expected values or ranges of values
for the anomaly indicator, and classifying a beat as normal or anomalous based on the comparison. An example anomaly
indicator is the root-mean-square error:
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RMSE(DA;T)(SA):: HDAX - SAH2 (16)

where s, is the adapted test beat vector, D, is the adapted dictionary, and x is the sparse approximation of the adapted
test beat vector. The root-mean-square error may be compared with expected values of the root-mean-square error and
the beat may be classified as normal or anomalous based on the comparison. One or more thresholds, one or more
threshold ranges and one or more look-up tables may be employed to classify a beat as normal or anomalous. For
example, if

RMSE(DA;T)(SA)> y (17)

a beat may be considered anomalous, where v is a threshold which determines the responsiveness to anomalies, and
may typically be set to control the false positive rate, e.g., the percentage of normal beats classified as anomalous. See
the discussion of anomaly indicators and Figure 6 above. As discussed above with respect to 1612, a beat which is
outlier with respect to condition (i), but which is inlier with respect to condition (ii) may be classified as anomalous at
1612, with an indication the beat should be classified as anomalous being taken into account at 1622, as shown by the
dashed line 1626.

[0077] The method 1600 proceeds from 1622 to 1624, where the subroutine may return an indication of whether a
beat is anomalous, where further processing may occur, etc. Embodiments of the method 1600 may perform additional
acts not shown in Figure 16, may perform the acts of Figure 16 in different orders, may omit acts shown in Figure 16,
may modify acts shown in Figure 16, and may combine or split acts shown in Figure 16. For example, in an embodiment
the method 1600 may be modified to check whether additional beats are to be classified at 1622 and return to 1604 to
process the next beat when it is determined that additional beats remain to be classified. In another example, the
subroutine may be modified to perform error processing, such as in response to a beat being classified as anomalous,
initiating a transmission of data related to the beat classified as anomalous. In another example, the routine 1600 may
be modified to track a proportion of beats excluded from the beats selected at 1612 within a threshold period of time,
and when the proportion indicates the dictionary may no longer be valid (for example, due to a changing position of a
sensor), to call a subroutine to update the dictionary, such as the subroutine 1200 of Figure 12. Thresholds may be
employed to determine whether the dictionary may no longer be valid.

[0078] Usually wearable devices continuously or periodically send all data to a host device, which may in turn send
all data to a remote application server. This can result in intense energy consumption by the wearable device and the
host device. In one mode of operation of an embodiment, a training phase (e.g., defining of the dictionary) may be
executed on the wearable device (see system 1000 of Figure 10). Sensed data may be transmitted by the wearable
device to the host (e.g., a cell phone, see local server 1050 of Figure 10) when an anomaly is detected, instead of
periodically or continuously. The host may in turn send the data to a remote server (see remote server 1050 of Figure
10). In one mode of operation of an embodiment, training data may be transmitted to the host device by the wearable
device. The dictionary may be generated by the host device or the remote server, and transmitted to the wearable device.
Sensed data may be transmitted by the wearable device to the host when an anomaly is detected, instead of periodically
or continuously.

[0079] An embodiment may provide a user specific dictionary (the model learns the shapes characterizing the heart
beats of a single user) which is easily reconfigurable (retrained), which is adaptive with respect to different user states
(time and moving varying dynamics) without needed to learn beat shapes associated with each of the different user
states, and which has robust training and testing (detection) phases (e.g. noise and motion artifacts can be detected
and removed), and various combinations thereof. An embodiment may operate in an unsupervised training mode (spu-
rious signals can be filtered from the training data). In an embodiment, all or part of the training and testing (detection)
may execute on a wearable device, rather than on a host or a remote server. Compressed data (such as with compressed
sensing data) may be employed in an embodiment.

[0080] In an embodiment, execution of the testing (detection) phase was implemented on a pulse sensor using a test
data set and the execution of the testing (detection) phase was fast enough to facilitate real-time execution on a wearable
device. A test setup used in experiments is described below. The procedure was tested using the MIT-BIH Arrhythmias
Database. See Goldberger, et al., PhysioBank, Physio Toolkit and PhysioNet: Components of a new research resource
for complex physiologic signals, Circulation, Vol. 101, No. 23, pp €215-220,2000.

[0081] Since for the MIT-BIH Arrhythmias Database the number of available beats per patient is not very high (from
1000 to 2500 in most cases), a k-fold cross-validation was typically performed. In k-fold cross-validation, the original
sample is partitioned into k equal sized subsamples. Of the k subsamples, a single subsample is retained as the validation
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data for testing the model, and the remaining k - 1 subsamples are used as training data. The cross-validation process
is then repeated k times (the folds), with each of the k subsamples used exactly once as the validation data. The k results
from the folds are then averaged to produce a single estimation.

[0082] The anomaly detection performances were typically assessed using the customary Receiver Operating Char-
acteristic (ROC) curve, where the parameter is the threshold y. The ROC curve plots the true-positive rate of detection
(TPR), defined as the proportion of true-positive results (correctly detected anomalies), against the corresponding false-
positive rate error (FPR), defined as the proportion of false-positive results (normal signals detected as anomalous).
These two values change in relation to each other as the anomaly detection threshold y varies. Recall that the area
under the curve (often referred to as AUC) is equal to the probability that the detector will rank a randomly chosen
anomaly higher than a randomly chosen normal beat.

[0083] For afixed value of the y parameter, the following was also considered: the accuracy, defined as the proportion
of true results (both true-positives and true-negatives, e.g., correctly detected anomalies and correctly detected normal
beats) among the total number of cases examined, the precision, defined as the proportion of true-positive results
(correctly detected anomalies) against all the positive results (both true-positive and false-positive, e.g., correctly detected
anomalies and normal beats detected as anomalous), and the false-negative rate (FNR), defined as the proportion of
false-negative results (wrongly detected anomalies).

[0084] Other analyzed parameters include the sparsity level T, the length of the beats M, and dictionary redundancy
ri=NIM.

[0085] Unless specified otherwise, the procedure discussed herein processed signals from one single lead at a time.
[0086] The source of the ECGs included in the MIT-BIH Arrhythmias Database is a set of over 4000 long-term Holter
recordings obtained by the Beth Israel Hospital Arrhythmia Laboratory between 1975 and 1979. Approximately 60% of
these recordings were obtained from inpatients. The database contains 23 records (numbered from 100 to 124 inclusive
with some numbers missing) chosen at random from this set, and 25 records (numbered from 200 to 234 inclusive,
again with some numbers missing) selected from the same set to include a variety of rare but clinically important
phenomena that would not be well-represented by a small random sample of Holter recordings. Each of the 48 records
is slightly over 30 minutes long. The first group is intended to serve as a representative sample of the variety of waveforms
and artifact that an arrhythmia detector might encounter in routine clinical use. Records in the second group were chosen
to include complex ventricular, junctional, and supraventricular arrhythmia and conduction abnormalities. The subjects
were 25 men aged 32 to 89 years, and 22 women aged 23 to 89 years. Records 201 and 202 came from the same male
subject.

[0087] For every patient two signals were recorded from two leads jointly with annotations on the beats. The leads
vary among subjects as would be expected in clinical practice. In most records, one channel is a modified limb lead Il
(MLII), obtained by placing the electrodes on the chest as is standard practice for ambulatory ECG recording, and the
other channel is usually V1 (sometimes V2, V4, or V5, depending on the subject).

[0088] The sampling frequency is 360 Hz. Such value was chosen to accommodate the use of simple digital notch
filters to remove 60 Hz (mains frequency) interference.

[0089] For each record, the two traces were given to two cardiologists, who worked on them independently. The
cardiologists added additional beat labels where the detector missed beats, deleted false detection as necessary, and
changed the labels for all abnormal beats. They also added rhythm labels, signal quality labels, and comments. The
annotations were transcribed from the paper chart recordings. Once both sets of cardiologists’ annotations for a given
record had been transcribed and verified, they were automatically compared beat-by-beat. Each discrepancy was re-
viewed and resolved by consensus. Once the annotations match, the results are generally appended at the R-wave peaks.
[0090] In the experiment, given an ECG trace from the MIT-BIH Arrhythmias Database, single beats were extracted
and labeled according to the related annotations. Here, the experimental procedure is briefly described. Samples were
read from the chosen lead together with the related annotation file (annotations are stored together with the time of the
R-peak of the associated beat). The R-peaks were detected using Pan-Tompkins’s algorithm (see Pan, et al., A real-
time grs detection algorithm, Biomedical Engineering, IEEE Transaction on, No. 3, pp 230-236, 1985) and the temporal
closest label was assigned to every peak. A fixed-size window with center located in each R-peak was extracted. Window
sizes of 1s, 0.7s or 0.4s that correspond to beats of lengths M = 360, M = 252 or 144 respectively were selected. Beats
were vertically translated in order to have zero mean.

[0091] Normalheart-beats belonging to different patients often exhibit significant differences. In particular some patients
have very regular tracings while others present several irregularities. In order to highlight some specific behaviors and
ease the understanding of the results, in some experiments patient numbers 119, 213 and 105 were selected as samples.
Such patients were chosen because the morphology of their normal beats shows different behaviors: normal beats from
patient 119 have always the same regular shape, while for patients 213 and 105 the morphology becomes progressively
more and more irregular. Abnormal beats are usually visually identifiable from normal beats (as happens in the three
selected examples). An exceptionally unlucky case is represented by patient 222, where not only normal beats are
remarkably confused, but also abnormal beats are difficult or indistinguishable from normal ones.
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[0092] Figures 23A-23D illustrate example beats from patients 119, 213, 105 and 222. In Figures 23A-23D, the images
on the left represent normal beats in black, and the images on the right represent the normal beats in black and the
abnormal beats in other colors.

[0093] Preliminary results are encouraging as demonstrated in Figures 24 and 25. In particular, in Figure 24, the global
behavior of the anomaly detector is depicted, as the box-plots presents results for all the patients in the MIT-BIH Database.
Figure 25 instead represents results for sample patients. The best results were obtained for patient 119 and the worst
for patient 105, which is consistent with the expected results. Results from other patients can be viewed as ranging
between these two extreme cases.

[0094] Figure 24 is a Box-plot of the area under the ROC curve (AUC) for all the patients in the MIT-BIH Database.
The bottom and top of the box-plot are the first and third quartiles of the AUC respectively, and the red band inside the
box is the median AUC value. The end of the whiskers represent the lowest AUC still within 1.5 IQR of the lower quartile,
and the highest AUC still within 1.5 IQR of the upper quartile. Data not included between the whiskers are plotted as
outliers with red marks. Box-plots are shown for different values of the sparsity level (spar) and the redundancy parameter
(red). On the left-size column spar=1 and red=10, on the centre column spar=4 and red=10, and on the righ-size column
spar=4 and red=25. The window size is 0.7s.

[0095] Figure 25 illustrates detection performances for sample patients. From top to bottom, results from patients 119,
213, 105 are shown. For each patient, on the left-side column the ROC curve is shown. On the center column the patient
number (dataset), the number of negative examples (#neg), e.g., normal beats, used respectively for the training (train),
the evaluation (thres) and the test (test) phases, the number of positive examples (#pos), e.g., anomalous beats, used
in the test phase, the sparsity level (sparsity) and the dictionary size (dict.size); the analyzed features are: the area under
the ROC curve (AUC), the accuracy, the precision, the expected false-negative rate (eFNR) and expected true-positive
rate (€TPR = 1- eFNR) obtained setting the parameter A corresponding to the 95-percentile, see the discussion above
for an explanation of the features. On the right-size column the posterior probabilities are illustrated.

[0096] Some embodiments may take the form of or include computer program products. For example, according to
one embodiment there is provided a computer readable medium including a computer program adapted to perform one
or more of the methods or functions described above. The medium may be a physical storage medium such as for
example a Read Only Memory (ROM) chip, or a disk such as a Digital Versatile Disk (DVD-ROM), Compact Disk (CD-
ROM), a hard disk, a memory, a network, or a portable media article to be read by an appropriate drive or via an
appropriate connection, including as encoded in one or more barcodes or other related codes stored on one or more
such computer-readable mediums and being readable by an appropriate reader device.

[0097] Furthermore, in some embodiments, some of the systems and/or modules and/or circuits and/or blocks may
be implemented or provided in other manners, such as at least partially in firmware and/or hardware, including, but not
limited to, one or more application-specific integrated circuits (ASICs), digital signal processors, discrete circuitry, logic
gates, standardintegrated circuits, state machines, look-up tables, controllers (e.g., by executing appropriate instructions,
and including microcontrollers and/or embedded controllers), field-programmable gate arrays (FPGAs), complex pro-
grammable logic devices (CPLDs), etc., as well as devices that employ RFID technology, and various combinations
thereof.

[0098] The various embodiments described above can be combined to provide further embodiments. Aspects of the
embodiments can be modified, if necessary to employ concepts of the various patents, applications and publications to
provide yet further embodiments.

[0099] These and other changes can be made tothe embodiments in light of the above-detailed description. In general,
in the following claims, the terms used should not be construed to limit the claims to the specific embodiments disclosed
in the specification and the claims, but should be construed to include all possible embodiments along with the full scope
of equivalents to which such claims are entitled.

[0100] The extent of protection is determined by the annexed claims.

Claims
1. A method, comprising:
detecting (1604) a beat in a heartbeat signal;
associating (1606, 1608, 1610) a heart rate and an energy of acceleration with the detected beat;
selectively including (1612,1614, 1616) the detected beat in a set of detected beats based on the heart rate
and energy of acceleration associated with the detected beat; and

performing at least one of:

generating (1618, 1620), using the set of detected beats as a set of training data, a dictionary of a sparse
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approximation model; and
detecting (1622) anomalous beats in the set of detected beats using the dictionary of the sparse approxi-
mation model.

2. The method of claim 1, comprising:

applying (1614) a beat transform based on the heart rate and energy of acceleration associated with a beat in
the set of detected beats to the beat in the set of selected beats, generating (1616) an adapted beat;
applying (1618) a dictionary transform based on the heart rate and energy of acceleration associated with the
beat in the set of detected beats to the dictionary, generating an adapted dictionary;

generating (1620) a sparse approximation of the adapted beat with respect to the adapted dictionary; and
classifying (1622) the beat in the set of detected beats as anomalous based on the generated sparse approx-
imation.

3. The method of claim 2 wherein classifying the beat in the set of beats as anomalous based on the sparse approx-
imation comprises:

determining a root-mean-square error associated with the sparse approximation (1620) of the adapted beat;
comparing the root-mean-square error to a threshold error; and
classifying (1622) the beat in the set of beats as anomalous or normal based on the comparison.

4. The method of claim 2, comprising:

in response to classification of the beat in the set of beats as anomalous (1622, 1030), initiation a transmission
(1040) of data related to the beat in the set of beats.

5. The method of claim 1 wherein the heart rate is a local heart rate and the selectively including the detected beat in
the set of detected beats comprises:

determining whether a punctual heart rate (1606) of the detected beat is an outlier heart rate with respect to
the local heart rate associated with the detected beat;

determining whether the detected beat is an outlier beat with respect to the energy of acceleration associated
with the detected beat;

excluding (1612) the detected beat from the set of detected beats when either the punctual heart rate is an
outlier heart rate with respect to the local heart rate or the detected beat is an outlier beat with respect to the
energy of acceleration associated with the detected beat;

including (1612) the detected beat in the set of detected beats when both the punctual heart rate is an inlier
heart rate with respect to the local heart rate and the detected beat in an inlier beat with respect to the energy
of acceleration associated with the detected beat; and

excluding (1612) the detected beat from the set of detected beats and classifying it as a rhythmical anomaly
beat when the punctual heart rate is an outlier heart rate with respect to the local heart rate and the detected
beat is an inlier beat with respect to the energy of acceleration associated with the detected beat.

6. The method of claim 5, comprising:

applying (1614) a beat transform based on the heart rate and energy of acceleration associated with a beat in
the set of detected beats to the beat in the set of selected beats, generating (1616) an adapted beat;
applying (1618) a dictionary transform based on the heart rate and energy of acceleration associated with the
beat in the set of detected beats to the dictionary, generating an adapted dictionary;

generating (1620) a sparse approximation of the adapted beat with respect to the adapted dictionary; and
classifying (1622) the beat in the set of detected beats as anomalous based on the generated sparse approx-
imation of the adapted beat.

7. The method of claim 1, comprising:

generating (1618) the sparse representation dictionary using the set of detected beats (1604) as the set of
training data by iteratively:
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generating coefficients of a sparse representation matrix; and
optimizing the dictionary and the coefficients of the sparse representation matrix.

8. The method of claim 7 wherein the heart rate is a reference heart rate associated with the set of detected beats and
the selectively including the detected beat in the set of detected beats comprises:

determining whether a punctual heart rate (1606) of the detected beat is an outlier heart rate with respect to
the reference heart rate;

determining whether the detected beat is an outlier beat with respect to the energy of acceleration associated
with the detected beat;

excluding (1612) the detected beat from the set of detected beats when the punctual heart rate is an outlier
heart rate with respect to the reference heart rate; and

excluding (1612) the detected beat from the set of detected beats when the detected beat is an outlier beat with
respect to the energy of acceleration associated with the detected beat.

9. The method of claim 1, comprising:

generating, using the set of detected beats as the set of training data, the dictionary (1214) of the sparse
approximation model, wherein the heartbeat signal is a training heartbeat signal;

detecting (1204) a beat in a test heartbeat signal;

associating (1206, 1208, 1210) a local heart rate and an energy of acceleration with the detected beat in the
test heartbeat signal;

selectively including (1212) the detected beat in a set of test beats based on the local heart rate and energy of
acceleration associated with the detected beat in the test heartbeat signal; and

detecting anomalous beats in the set of test beats using the dictionary (1214) of the sparse approximation model.

10. A device, comprising:

aninterface (1000) configured to receive a test heart-beat signal and one or more acceleration signals (1002), and
signal processing circuitry (1020, 1030) configured to:

detect a beat in the test heartbeat signal;

associate a heart rate and an energy of acceleration with the detected beat;

selectively include the detected beat in a set of test beats based on the heart rate and energy of acceleration
associated with the detected beat; and

detect anomalous beats in the set of test beats using a dictionary of a sparse approximation model,

the device configured to operate according to the method of any of claims 1 to 9.

11. A system, comprising:

a sensor (1002) configured to generate heartbeat signals;

an accelerometer (1002) configured to generate one or more acceleration signals; and

a device according to claim 10 having the interface (1000) coupled with the sensor and the accelerometer to
receive therefrom said heartbeat signals and said one or more acceleration signals.

12. A computer program product loadable in the memory of at least one processing device (1000) and including software
code portions for executing the steps of a method according to any of claims 1 to 9 when the product is run on at
least one processing device.
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FIG. 20
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FIG. 23B
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