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(57) A method of detection of a recurrent feature of
interest within a signal comprising: obtaining evidence,
based on a signal, the evidence including a probability
density function for each of a plurality of parameters for
parameterizing the signal, including at least one proba-
bility density function for a parameter, of the plurality of
parameters, that positions a feature of interest within sig-
nal data of the signal; parameterizing a portion of the
signal data from the signal based upon a hypothesis that
a point of interest in the signal data is a position of the
feature of interest; determining a posterior probability of
the hypothesis being true given the portion of the signal
data

by combining a prior probability of the hypothesis and a
conditional probability of observing the portion of the sig-
nal data given the hypothesis, wherein the conditional
probability of observing the portion of the signal data giv-
en the hypothesis is based at least upon: the parameter-
ization of the portion of the signal data and the probability
density function for at least one of the plurality of param-
eters; using the posterior probability to determine wheth-
er or not the hypothesis is true; the method further com-
prising: updating at least one of the probability density
functions for the plurality of parameters using the param-
eterization of the portion of the signal data.
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Description
TECHNOLOGICAL FIELD

[0001] Embodiments of the present invention relate to determining whether a hypothesis concerning a signal is true.
In particular, some embodiments relate to a method of detection of a recurrent feature of interest within a biological
signal, for example, an electrocardiogram (ECG) signal. Some embodiments, may be used for signal encoding to enable
more efficient storage and/or transmission of information.

BACKGROUND

[0002] Itisdesirableto detectautomatically arecurrentfeature of interest within a signal, for example, a biological signal.
[0003] Such automation reduces or eliminates the need for a trained human expert to review the signal.

[0004] This may be particularly useful in health monitoring applications when it may be desirable to measure features
of a biological signal, to assess the health or fitness of a subject.

BRIEF SUMMARY

[0005] According to various, but not necessarily all, embodiments of the invention there is provided a method of
detection of a recurrent feature of interest within a signal comprising:

obtaining evidence, based on a signal, the evidence including a probability density function for each of a plurality
of parameters for parameterizing the signal, including at least one probability density function for a parameter, of
the plurality of parameters, that positions a feature of interest within signal data of the signal;

parameterizing a portion of the signal data from the signal based upon a hypothesis that a point of interest in the
signal data is a position of the feature of interest;

determining a posterior probability of the hypothesis being true given the portion of the signal data by combining

a prior probability of the hypothesis

and

a conditional probability of observing the portion of the signal data given the hypothesis,

wherein the conditional probability of observing the portion of the signal data given the hypothesis is based at
least upon:

the parameterization of the portion of the signal data and
the probability density function for at least one of the plurality of parameters;

using the posterior probability to determine whether or not the hypothesis is true;
the method further comprising:

updating atleast one of the probability density functions for the plurality of parameters using the parameterization
of the portion of the signal data.

[0006] If the hypothesis is true, the parameterizing of the signal data based upon the hypothesis may be used for
further processes.

[0007] In some, but not necessarily all, examples updating at least one of the probability density functions for the
plurality of parameters using the parameterization of the portion of the signal data comprises:

using a Bayesian framework to apply a likelihood to a prior probability density function to obtain a posterior probability;
and/or

updating at least the probability density function for the parameter that positions the feature of interest within the
signal data before determining the posterior probability of the hypothesis being true; and/or

updating the probability density function for the parameter that positions the feature of interest within the signal data
by performing a Bayesian update on a prior, the original probability density function for the parameter that positions
the feature of interest within the signal, using a likelihood determined by a limited search of the signal data to identify
the feature of interest.

[0008] In some, but not necessarily all, examples updating at least one of the probability density functions for the
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plurality of parameters using the parameterization of the portion of the signal data comprises:

updating at least some of the probability density functions for the plurality of parameters after determining the
posterior probability of the hypothesis being true.

[0009] Insome, butnotnecessarily all, examples the method comprises parameterizing the signal based upon expected
parameters that characterize a recurrent feature of interest of a biological signal.

[0010] Insome, butnotnecessarily all, examples the method comprises parameterizing the signal based upon expected
parameters that characterize a subject’s heartbeat.

[0011] Insome, butnotnecessarily all, examples the method comprises parameterizing the signal based upon expected
parameters of an electrocardiogram signal. In some, but not necessarily all, examples the point of interest is an R-peak
of a PQRST complex in the electrocardiogram signal.

[0012] In some, but not necessarily all, examples the method comprises: parameterizing the signal based upon an
analysis of amplitude variation over time wherein at least some parameters are based on amplitudes of putative waves
in the electrocardiogram signal and at least some parameters are based on inter-wave and intra-wave time durations
for putative waves in the electrocardiogram signal.

[0013] Insome, butnot necessarily all, determining a posterior probability of the hypothesis being true given the portion
of the signal data by combining a prior probability of the hypothesis and a conditional probability of observing the portion
ofthe signal data given the hypothesis, comprises: creating a product by multiplying the conditional probability of observing
the portion of signal data given the hypothesis by the prior probability of the hypothesis. In some, but not necessarily
all, examples the method comprises normalizing the product by dividing by the sum of a conditional probability of
observing the portion of the signal data given the hypothesis multiplied by a prior probability of the hypothesis and a
conditional probability of observing the portion of the signal data given a competing hypothesis multiplied by a prior
probability of the competing hypothesis.

[0014] In some, but not necessarily all, examples the conditional probability of observing the portion of signal data
given the hypothesis is based upon a residual/correlation method and/or a deep learning neural network.

[0015] According to various, but not necessarily all, embodiments of the invention there is provided an apparatus
comprising:

means for obtaining evidence, based on a signal, the evidence including a probability density function for each of
a plurality of parameters for parameterizing the signal, including at least one probability density function for a pa-
rameter, of the plurality of parameters, that positions a feature of interest within signal data of the signal;

means for parameterizing a portion of the signal data from the signal based upon a hypothesis that a point of interest
in the signal data is a position of the feature of interest;

means for determining a posterior probability of the hypothesis being true given the portion of the signal data by
combining

a prior probability of the hypothesis

and

a conditional probability of observing the portion of the signal data given the hypothesis,

wherein the conditional probability of observing the portion of the signal data given the hypothesis is based at
least upon:

the parameterization of the portion of the signal data and
the probability density function for at least one of the plurality of parameters;

means for using the posterior probability to determine whether or not the hypothesis is true;
means for updating at least one of the probability density functions for the plurality of parameters using the param-
eterization of the portion of the signal data.

[0016] The apparatus may comprise means for using the parameterization of the signal data based upon the hypothesis
for further processes, if the hypothesis is true.

[0017] Accordingto various, but not necessarily all, embodiments of the invention there is provided a computer program
that when run on a processor enables the processor to cause:

obtaining evidence, based on a signal, the evidence including a probability density function for each of a plurality
of parameters for parameterizing the signal, including at least one probability density function for a parameter, of
the plurality of parameters, that positions a feature of interest within signal data of the signal;
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parameterizing a portion of the signal data from the signal based upon a hypothesis that a point of interest in the
signal data is a position of the feature of interest;
determining a posterior probability of the hypothesis being true given the portion of the signal data by combining

a prior probability of the hypothesis

and

a conditional probability of observing the portion of the signal data given the hypothesis,

wherein the conditional probability of observing the portion of the signal data given the hypothesis is based at
least upon:

the parameterization of the portion of the signal data and
the probability density function for at least one of the plurality of parameters;

using the posterior probability to determine whether or not the hypothesis is true; updating at least one of the
probability density functions for the plurality of parameters using the parameterization of the portion of the signal data.

[0018] The computer program may enable use of the parameterization of the signal data based upon the hypothesis
for further processes, if the hypothesis is true.

[0019] According to various, but not necessarily all, embodiments of the invention there is provided a method com-
prising:

obtaining evidence, based on a signal, the evidence including a probability density function for each of a plurality
of parameters for parameterizing the signal, including at least one probability density function for a parameter, of
the plurality of parameters, that positions a feature of interest within signal data of the signal;

parameterizing a portion of the signal data from the signal based upon a hypothesis that a point of interest in the
signal data is a position of the feature of interest;

determining a posterior probability of the hypothesis being true given the portion of the signal data

by combining

a prior probability of the hypothesis

and

a conditional probability of observing the portion of the signal data given the hypothesis,

wherein the conditional probability of observing the portion of the signal data given the hypothesis is based at least
upon:

the parameterization of the portion of the signal data and
the probability density function for at least one of the plurality of parameters;

using the posterior probability to determine whether or not the hypothesis is true;
the method further comprising:

updating atleast one of the probability density functions for the plurality of parameters using the parameterization
of the portion of the signal data

[0020] According to various, but not necessarily all, embodiments of the invention there is provided a method of
encoding a signal by parameterizing the signal by detection of a recurrent feature of interest within a signal, the method
comprising:

obtaining evidence, based on a signal, the evidence including a probability density function for each of a plurality
of parameters for parameterizing the signal, including at least one probability density function for a parameter, of
the plurality of parameters, that positions a feature of interest within signal data of the signal;

parameterizing a portion of the signal data from the signal based upon a hypothesis that a point of interest in the
signal data is a position of the feature of interest;

determining a posterior probability of the hypothesis being true given the portion of the signal data

by combining

a prior probability of the hypothesis

and

a conditional probability of observing the portion of the signal data given the hypothesis,

wherein the conditional probability of observing the portion of the signal data given the hypothesis is based at least
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upon:

the parameterization of the portion of the signal data and
the probability density function for at least one of the plurality of parameters;

using the posterior probability to determine whether or not the hypothesis is true;
the method further comprising:

updating atleast one of the probability density functions for the plurality of parameters using the parameterization
of the portion of the signal data.

[0021] Then the method may comprise storing the parameters in a memory and/or transmitting the parameters.
[0022] According to various, but not necessarily all, embodiments of the invention there is provided examples as
claimed in the appended claims.

BRIEF DESCRIPTION

[0023] For a better understanding of various examples that are useful for understanding the detailed description,
reference will now be made by way of example only to the accompanying drawings in which:

Fig 1 illustrates an example of a method for detection of a recurrent feature of interest within a signal;
Figs 2A, 2B, 2C,2D illustrates examples of biological-signals;

Fig 3 illustrates an example of parameters for an electrocardiogram; and

Fig 4 illustrates an example of an apparatus for performing the method.

DETAILED DESCRIPTION

A Primer in Bayes Theorem

[0024] Bayes theorem describes the probability of an event based on ("given") prior knowledge of evidence that might
be related to the event.

P(A|B)=[P(B | A)*P(A)) P(B)

where A and B are events and P(B) =0.

[0025] P(A), the ’prior’ probability of event A, is the independent probability of event A occurring.

P(B), the ’prior’ probability of event B, is the independent probability of event B occurring.

P(A | B) is the conditional probability of event A occurring given that event B occurs. P(B | A) is the conditional probability
of event B occurring given that event A occurs.

[0026] In a Bayesian interpretation, probability means a degree of belief and Bayes Theorem links the degree of belief
in a proposition before and after accounting for evidence.

[0027] In a Bayesian Inference interpretation, a Bayesian Framework, P(A/B) is a posterior probability as a conse-
quence of two antecedents- a prior probability and a likelihood function derived from the observed data (evidence):

A is a hypothesis H whose probability may be affected by evidence.
B is new data d ("current data").

Therefore

P(H [ d)=[P(d | H)*P(H)I/ P(d)

P(H) is the prior probability. It is an estimate of the probability of H before the new data d.

P(H | d) is the posterior probability. It is the probability of H "given" d, i.e. the probability of H being true given d is
observed.

P(d | H) is the likelihood. This is the probability of observing d "given" H is true. It indicates a compatibility of the
data with the given hypothesis.
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P(d) is a constant for all possible hypotheses.

[0028] Thus the posterior probability of a hypothesis is proportional to its prior probability and the likelihood (it's
compatibility with the new observed evidence).

[0029] In Bayesian updating, the posterior probability becomes the prior probability in a subsequent iteration.

[0030] In a Bayesian network, the data d may arise from different sources s;.

PH|d)=P(H|s1&s2 .. Sn)= P(s1&S2 . Sn|H). P(H)|P(s1 &Sz . sn)

[0031] This can be presented as a network (e.g. a directed acyclic graph).
[0032] For example, if it is assumed s;. are independent given H then

P(s1 &Sz . sn |H)=P(s1. | H). P(s2. | H). ... P(sn. | H)

This can be represented as a simple graph (network) where a node associated with P(s; & s, _s,.. | H) is interconnected
to separate nodes each representing one of P(s; | H). P(s, | H).... P(s,, | H) that are not otherwise interconnected.
[0033] ThegeneralformP(H|s; &s, s,)can be represented by a more complex directed acyclic graph (network).
[0034] If the posterior probability distribution is in the same family as the prior probability distribution, they are conjugate
distributions, and the prior is a "conjugate prior" for the likelihood function. For example, the Gaussian family is conjugate
to itself (or self-conjugate). If the likelihood function is Gaussian, using a Gaussian prior will a produce a posterior
distribution that is also Gaussian.

[0035] A probability density function (PDF) is a function of a variable. A sample value of the PDF at any of the possible
values of the variable provides a relative likelihood that a value of the variable would equal that sample value. Equivalent
expressions of likelihood may be used.

The Method

[0036] Fig 1 illustrates an example of a method 100.

[0037] In some but not all examples, the method 100 is a method for detection of a recurrent feature of interest within
a signal such as a biological signal. The method may, in some examples, improve the health monitoring of a subject.
[0038] The method 100 comprises, at block 102, obtaining evidence, based on a signal, the evidence including a
probability density function for each of a plurality of parameters for parameterizing the signal, including at least one
probability density function for a parameter, of the plurality of parameters, that positions the feature of interest within the
signal data.

[0039] The method 100 comprises, at block 104, parameterizing a portion of the signal data based upon a hypothesis
that a point of interest in the signal data is a position of the feature of interest.

[0040] The method 100 comprises, at block 106, performing an initial update of the probability density of the portion
of the signal data describing the occurrence of a certain event. The updated probability density of the portion of the
signal data of a given relevant event is based on a Bayesian framework for any form of probability density i.e. gamma,
normal destruction etc. The exact form depends on the probability distribution used. The use of conjugate priors simplifies
the form.

[0041] The block 106 updates at least the probability density function for the parameter that positions the feature of
interest within the signal data by performing a Bayesian update on a prior, the original probability density function for
the parameter that positions the feature of interest within the signal, using a likelihood determined by a limited search
of the parameterized signal data to identify the feature of interest.

[0042] Therefore the (updated) conditional probability of observing the portion of the signal data is based at least upon:
a parameterization of a portion of the signal data (used to create likelihood) and a probability density function for at least
one of the plurality of parameters (the prior).

[0043] The method 100, at blocks 108, 110 operates the main Bayesian Framework.

[0044] The method 100 comprises, at block 108, estimating the probability of certain observed events from the current
data, by making use of the updated probability density function from block 106.

[0045] In some examples, the probabilities of certain observed events are combined, as factorized components, to
make a main likelihood for use in the Main Bayesian Framework.

[0046] P(d|H)=P(e1,e2,..|H)=P(e1|H)xP(e2]|H)xP(e3| H) (assuming events e1, e2 etc. to be independent)
[0047] Each mini-component i.e. P(e1 | H) is calculated using one of the updated PDFs corresponding to event e,
e2 and e3 etc.
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[0048] If the events are not independent but dependent, the factorization of P(e1,e2,... | H) is modified and joint
probability densities can be used accordingly. This changes the form of the Bayesian network.

[0049] The method 100 then comprises, at block 110, for each point of interest, determining a posterior probability of
the hypothesis being true P(H | d) given the portion of the signal data by combining a prior probability of the hypothesis
P(H) and the likelihood P(d | H) that is calculated by making use of the updated probability density function and an event
observed from the current data.

P(H | d)=[P(d | H)*P(H)J/ P(d),

for all parameters

[0050] The method 100 then comprises, at block 112, using the posterior probability P(H | d) to determine whether or
not the hypothesis is true, for each point of interest.

[0051] If the hypothesis is true, the parameterizing of the signal data based upon the hypothesis may be used for
further processes (not illustrated).

[0052] In this example, the initial update at block 106 is conducted using a small part of the current data. The small
part is smaller than the original current data size and is used to update the state of belief with limited information. Then
at block 108, 110 the method 100 uses the updated PDF (from block 106) and a larger part of the same current data to
calculate the probability of the hypothesis given the data P(H | d).

[0053] The method 100 then comprises, at block 114, updating at least some of the probability density functions for
the plurality of parameters after determining the posterior probability of the hypothesis being true in the light of a new
data portion.

[0054] Once a new data portion is received, the method 100 repeats.

[0055] P(H) is as defined from the beginning and not changed until combined with P(d | H). However, any external
event described by a different set of data different from the one utilized to estimate P(d | H) can modify it from iteration
to iteration.

[0056] Thus the method 100 is a method of detection of a recurrent feature of interest within a signal comprising:

(i) at block 102, obtaining evidence from a signal including a probability density function for each of a plurality of
parameters for parameterizing the signal, including at least one probability density function for a parameter, of the
plurality of parameters, that positions the feature of interest within the signal data;

(ii) at block 104, parameterizing a portion of signal data from a signal based upon a hypothesis that a point of interest
in the signal data is a position of the feature of interest;

(iii) at block 110, determining a posterior probability of the hypothesis being true given the portion of the signal data
by combining

a) a prior probability of the hypothesis

and

b) a conditional probability of observing the portion of the signal data given the hypothesis

wherein the conditional probability of observing the portion of the signal data given the hypothesis is based at
least upon:

a parameterization of a portion of the signal data and
a probability density function for at least one of the plurality of parameters;

(iv) at block 112, using the posterior probability to determine whether or not the hypothesis is true,
the method 100 further comprising:

atblock 106 and/or atblock 114, updating atleast one of the probability density functions for the plurality of parameters
using a parameterization of a portion of the signal data.

[0057] If the hypothesis is true, the parameterization of the signal data based upon the hypothesis may be used for
further processes (not illustrated).

[0058] Although the method 100 has been described with reference to probability density functions, it should be
appreciated that instead of probability density functions any suitable measure of an expected relative likelihood of an
occurrence of each value of a set of values for the particular parameter for parameterizing the signal may be used.
Equivalents of PDFs should be interpreted accordingly.
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[0059] Updating at least one of the probability density functions for the plurality of parameters using a parameterization
of a portion of the signal data comprises: at block 110, using a Bayesian framework to apply a likelihood (from block
108) to a prior probability density function to obtain a posterior probability.

[0060] In Fig 1, updating at least one of the probability density functions for the plurality of parameters using a param-
eterization of a portion of the signal data comprises: at block 106 updating at least the probability density function for
the parameter that positions the feature of interest within the signal data before determining the posterior probability of
the hypothesis being true. Updating the probability density function for the parameter that positions the feature of interest
within the signal data by performing a Bayesian update on a prior (the original probability density function for the parameter
that positions the feature of interest within the signal) using a likelihood determined by a limited search of the signal data
to identify the feature of interest.

[0061] In Fig 1, updating at least one of the probability density functions for the plurality of parameters using a param-
eterization of a portion of the signal data comprises: at block 114 updating at least some of the probability density
functions for the plurality of parameters after determining the posterior probability of the hypothesis being true.

Main Bayesian Framework

[0062] At block 110, determining a posterior probability of the hypothesis being true given the portion of the signal
data by combining a prior probability of the hypothesis and a conditional probability of observing the portion of the signal
data given the hypothesis, comprises:

creating a product by multiplying the conditional probability of observing the portion of signal data given the hypothesis
by the prior probability of the hypothesis. The product is normalized by dividing by the sum of: a conditional probability
of observing the portion of the signal data given the hypothesis multiplied by a prior probability of the hypothesis
and a conditional probability of observing the portion of the signal data given a competing hypothesis multiplied by
a prior probability of the competing hypothesis.

[0063] The conditional probability of observing the portion of signal data given the hypothesis may be based upon a
residual/correlation method and/or a deep learning neural network method.

[0064] The conditional probability of observing the portion of signal data given the hypothesis may be based upon
combining probabilities based on different detection methods, different parameters and/or different corruption scenarios.
The corruption scenarios may refer to different combinations of detectable/non-detectable features In the context of
ECG, there may be considered to be three important features e.g. R-Peak, T-wave, and P-wave, and different corruption
scenarios may refer to all the different combinations of detectable/non-detectable features. For example, the R-Peak is
detectable while the other two are noisy, or the other two are clean and R-peak is noisy etc.

[0065] In some but not necessarily all examples, the block 104 of the method 100, comprises parameterizing of the
signal based upon expected parameters that characterize a recurrent feature of interest of a biological signal. A distinction
is made between the actual values (unknown) and expected or reference values. What actually characterizes an actual
signal is different to what is expected to characterize an expected signal. Parameterization is based on expectation.
[0066] Figs 2A, 2B, 2C illustrates examples of a biological signal. A morphology of interest can be any recurrent
morphology in a biological signal. Fig 2A illustrates an example of an electrocardiogram (ECG) signal. Fig 2B illustrates
an example of a ballistocardiogram (BCG) signal. Fig 2C illustrates an example of a seismocardiogram (SCG). Fig 2D
illustrates an example of a gyrocardiogram (GCG) signal. Gyrocardiography (GCG) is a non-invasive technique for
assessing heart motions by utilizing a gyroscope that is attached to the chest of anindividual as a sensor of angular motion.
[0067] Fig 3 illustrates an example of an electrocardiogram. The morphology of interest can be QRS-Complex and
thus P-wave and T-wave are utilized as evidence. The morphology of interest can be T-wave and thus P-wave and
QRS-complex are utilized as evidence. The morphology of interest can be P-wave and thus T-wave and QRS-complex
are utilized as evidence

[0068] Themethod 100 willnow be described, for this example. However, the method may also be used for other signals:
[0069] The expected parameters may characterize a subject’s heartbeat. The signal may be parameterized based
upon expected parameters of an electrocardiogram signal.

[0070] Thus at block 104, the method 100 comprises parameterizing a portion of signal data based upon a hypothesis
that a point of interest in the signal data is a position of the feature of interest. For example, the feature of interest is an
R-peak of a PQRST complex in the electrocardiogram signal.

[0071] Atblock 104, the method may comprise: parameterizing the signal based upon an analysis of amplitude variation
over time wherein at least some parameters are based on amplitudes of putative waves (reference waves) in the
electrocardiogram signal and at least some parameters are based on inter-wave and intra-wave time durations for
putative waves in the electrocardiogram signal. In this example, the waves include the P-wave, the QRS complex and
the T-wave.
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[0072] The parameterization of the signal at block 104 is based upon parameters for an ECG signal. The parameters
may be, as illustrated in Fig 3:
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Q = Starting point of QRS-Complex
R = Maximum point of QRS-Complex
S = End point QRS-Complex

T, = Starting point of T-Wave

T= Maximum point of T-Wave

T = End point of T-Wave

P, = Starting point of P-Wave

P= Maximum point of P-Wave

R, = R peak amplitude

P, = P wave amplitude

T, = T wave amplitude

P = End point of P-Wave

T,T, = Distance between T, and T,
P,P, = Distance between P; and P,

Ta

a

Ra = Ratio between T amplitude and R amplitude

Pa

Ra = Ratio between P amplitude and R amplitude

PQ = Distance between P and Q
ST = Distance between Sand T
P;T, = Distance between P; and T,

RR = Distance between two consecutive R-Peaks

Evidence, as generated at block 102, may be determined based on the parameters

Evidence One (E,) = QRS Morphology
Evidence Two (E,) = T,TT, Morphology
Evidence Three (E3) = P,PP, Morphology
Evidence Four (E,4) = P;T, Morphology
Evidence Five (Es) = QT Morphology
Evidence Six (Eg) = P;S Morphology
Evidence Seven (E;) = R,
Evidence Eight (Eg) = P,
Evidence Nine (Eg) = T,

=Ta
Evidence Ten \ Ra Ratio

_— Pa

") =5
Evidence Eleven Ra Ratio
Evidence Twelve (Eq,) = QS FWHM
Evidence Thirteen (E¢3) = PR
Evidence Fourteen (E4,) = T.Q
Evidence Fifteen (E45) = PR
Evidence Sixteen (E4¢g) = PQ
Evidence Seventeen (E¢;7) = PR
Evidence Eighteen (E4g) = P.Q
Evidence Nineteen (E4g) = RT,
Evidence Twenty (E,q) = ST,
Evidence Twenty One (E,;) = RT
Evidence Twenty Two (E,,) =ST
Evidence Twenty Three (E,3) = RT;
Evidence Twenty Four (Eo,) =ST,;
Evidence Twenty Five (Eys) = TT,
Evidence Twenty Six (E,g) = PP
Evidence Twenty Seven (E,;) = RR
Evidence Twenty Eight (E,g) = P;T,



10

15

20

25

30

35

40

45

50

55

EP 3 499 513 A1

[0073] All evidence, including E4 up to E,g can be utilized. Alternatively or additionally, any combinations of evidence
can be utilized. E.g. E4 - Eg, E5 - E5q, Egg - Eog etc. Alternatively or additionally, any number of newly generated features
that utilize any combinations of evidence can be utilized. E.g. E; combined with E,- E4; E,, E4, E; and E; combined -
E4E,E; etc.

Supervised approach for evidence generation at block 102

[0074] The user defines one or more regions within the dataset of the signal data to extract all necessary evidence
(Eq up to Egg).

[0075] In this example, the user may be a medical/non-medical expert/non-expert, a wearable device user, or a robot
system selecting a region of the recorded data on a personal computer, tablet, phone, wearable device or any electronic
device with a touch screen or no-touch screen, that has the capability to display any biological signal.

[0076] In one form of the embodiment, the region selection process can be performed in real time, i.e. when a biological
signal is being recorded and in another form the selection can be performed after the recording has been completed.
[0077] Forthe selected region, all positive (upward) and negative (downward) peaks are detected. The peak detection
of selected region could include but is not limited to regression based, correlation based, neural network based, or any
similarity measure, or hierarchical process used to distinguish all peaks and/or peak like features within the selected
region using either a single or multiple peak models.

[0078] The first N number of tallest peaks is designated as the R-point of QRS-complex for a positive peak scenario,
and the first N number of minimum points is designated as the R-point of QRS-complex for a negative peak scenario.
The number N is typically greater than 1 and is predetermined or dynamically varied. N may be set by the algorithm
developer as a default value. It could be 4, 5 etc.

Unsupervised approach for evidence generation at block 102

[0079] The system automatically selects all relevant regions from the initial incoming portion of the data to learn the
features and generate their corresponding probability density functions.

[0080] First, for the incoming data portion, all peaks are detected and the peak maximas or mimimas are identified.
Given this information, two consecutive expectation maximization clustering processes are performed.

[0081] In the first clustering step, the detected peaks are clustered based on their amplitude. In the simplest case, the
number of expected clusters can be set to 3. The 3 clusters are the minimum, maximum, and median of the maximum
and minimum amplitudes of the detected peaks. The 15t cluster is assumed to capture small noisy peaks, the 2" cluster
midpoint peaks such as T-waves and P-waves and possible interference at that amplitude level, and the 3 cluster is
assumed to capture peaks with the greatest amplitude magnitude. The system will automatically pick the 3rd cluster for
the next step. Any appropriate number of clusters can be implemented.

[0082] At this stage, several of the initially detected peaks have been filtered and thus only the peaks falling in the 3rd
cluster are remaining. Further clustering is performed based on the peaks width at half maximum criteria (FWHM). Once
the peak widths have been estimated, the presence/absence of 2 clusters are checked. The cluster with the minimum
FWHM is selected as a potential R-peak cluster. This is based on an assumption that T-waves and P-waves usually are
wider peaks. Any appropriate number of clusters can be implemented.

[0083] Thus the final cluster selected will consist of a group of peaks with the highest amplitude and narrowest FWHM
and the system labels them as the most probable R-peaks to extract features from. However, before obtaining evidence
takes place, further assessment takes place. For example, if the number of peaks remaining in the final cluster is less
than a minimum value a new data portion is initiated. However, if the minimum number of peaks criteria is fulfilled (number
of peaks remaining in the final cluster is equal to or more than the minimum value), further analysis will take place.
[0084] Given the above criterion is fulfilled, a matrix containing QRS-complex morphologies from the hypothetically
selected peaks is generated. For example, if 5 peaks were remaining in the final step of the above clustering process,
those five peaks are considered the location of R-peaks, and thus all data points within the QRS-complex of each R-
peak are extracted and concatenated to generate a QRS-complex morphology matrix.

[0085] Given the morphology matrix, either a probabilistic or deterministic similarity determination can be performed
to check if all the morphologies are in fact QRS-complex. If this criterion is not fulfilled, the whole process is initialized
from the beginning for a new data portion.

Approach for evidence generation at block 102 common to supervised and unsupervised approach

[0086] Whether the supervised or unsupervised approach is followed, given the detected R-point locations, all relevant
points within the ECG signal (i.e. Q, S, P;, P, P, T;, T, and T) can be identified.
[0087] Given all the identified points, the selected region can be segmented into N number of compartments, where
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each compartment will consist of a QRS-complex, T-Wave, and P-Wave. Given this N number of compartments, all
necessary features including morphologies and distance measures (i.e. QRS-morphology, QS distance etc.) are des-
ignated as an evidence (e.g. E; to Eog). Thus there is N number of E4 to E5g pieces of evidence designated.

[0088] The N number of E, to E,g evidence designated can then be organized in a way where all similar features will
fall in to the same group and thus result in a vector or a matrix depending on the size of the feature. For example, E4,
(QS FWHM) for all N number of compartments can be grouped together to create a vector where each row represents
the feature from each compartment:

[ QS FWHM-1
QS FWHM-2

QS FWHM-3

QS FWHM — N

[0089] In a similar fashion, if the information for E; (QRS Morphology) from all compartments are grouped together,
it will generate a mxn matrix (row x column) where each column is the feature from a given compartment and each row
represents a data point from that compartment.

QRS Morphology — 11 ... QRS Morphology-1n
QRS Morphology — 21 ... QRS Morphology-2n
QRS Morphology Matrix= [ RS Morphology — 31 QRS Morphology-3n

QRS Morphology — m1 QRS Morphology- mn

[0090] Given the vectors, a probability density function (PDF) that describes the probability distribution of each feature
as a variable is generated using each vector. For example, in the simplest case scenario, the vector representing E4»
(QS FWHM) can be considered to follow a normal probability distribution, thus the parameters of the normal probability
density can be approximated as the mean and standard deviation of the vector itself. However, the embodiment is not
limited to normal distribution but any probability density that is appropriate to represent the distribution of the features
can be implemented.

[0091] The probability density function representing the distribution of features in a matrix can be generated either by
utilizing a vector representation of the matrix or the original matrix itself. For example, to obtain a simplified vector
representation of the matrix, a residual based or correlation based approach may be used. In general, any similarity
measure based approach can be applied. In one approach, a reference vector can first be generated through a column-
wise-averaging of the matrix (across compartments). This reference vector can then be used to obtain residuals between
the reference vector and each column of the original features matrix. The residual of each column is then squared and
summed. This process will result in residuals sum of squared (RSS) vector where each entry carries information from
each feature in each column of the original matrix, and thus the entire matrix represented as a vector.

[0092] In a similarfashion, instead of calculating the residuals, the reference vector described above can also be used
to generate a correlation distribution by calculating the correlation (COR) between the reference vector and each column
of the matrix, once again collapsing the matrix into a vector where each entry in the vector carries information from each
column feature of the original matrix. The generated vector can then be used to estimate a probability density function.
[0093] The features along with their probability density are stored in a memory.

[0094] Given E,g (RR) and its probability distribution, the most probable hypothetical locations for N number of future
R-Peak locations along with their uncertainties are generated. This estimate takes into account the possible error prop-
agation that might be present in the estimate, that increases the uncertainty over time.

Bayesian Framework

[0095] Let us consider two competing hypotheses:

H, = Point of Interest is the location of R-peak

11



10

15

20

25

30

35

40

45

50

55

EP 3 499 513 A1
H, = Point of interest is not the location of R-peak

[0096] A Bayesian Framework can be defined:

P(D[H,, DP(H4|T)
[P(D|Hy, DP(H; [D] + [P(D[Hz, DP(H,|D]

P(H;ID,D) =

P(D|H4, 1) = The probability of the data D given the hypothesis and all relevant existing evidence (likelihood)
P(H4|l) = The prior probability of the hypothesis (Prior)

D = The data is parametrized into several pieces of evidence referring to the relevant and distinct features in the
signal i.e. Eq, E,,...E,

Initial update of probability density function(s) at block 106

[0097] The initial step in R-peak detection for the new data portions is to first update the probability density generated
using the previous data portion that describes the most likely location of future R-peaks (PDF for E7). This corresponds
to block 106.

[0098] Given the probability distribution of where the true R-peak location might be, given the learned R-R interval
information from the previous portion of the data, a vertical and horizontal motion will take place within a certain window
of limited size to locate the most likely position where R-peak could be located at. This is a limited search. This process
is a low level expectation maximization step that expects a certain amplitude and morphology within the vicinity of the
initial guess to update the probability density of a single evidence (E,;) using Bayesian framework. This updated density
will later on be utilized, at block 108, for estimating the likelihood used in calculating the main probability of interest P(H,
| D,l) at block 110.

[0099] Block 106 is applied for all hypothetical R-peak locations probability distributions. Thus given the updated
probability densities, all regions that fall outside a certain limit of that distribution (e.g. £30c) are assigned a flat probability
density. This process takes into account the possibility for any random region to consist of an unexpected arrhythmic beat.
[0100] Given the detected QRS-complex consisting regions (e.g. P(H4 | D,l) >0.5), some of the information acquired
from the evidence gathering phase 102 (i.e. probability density, morphology etc.) is updated using Bayesian framework.
The embodiment can include updating of any given number of the probability densities while keeping some fixed if
necessary.

[0101] At block 110, the posterior probability P(H | D,l) is computed for all data points within the data set in a moving
window. At any given time, the data point being observed is referred to as the point of interest, and thus the window is
defined by placing the point of interest at the center. The size of the window on the other hand is defined based on the
information learned during the evidence generation phase and its probability density i.e. Evidence Twenty Eight (Eog)
= PiTe

Likelihood determination at block 108

[0102] In one embodiment two main methods are used to extract information from data to obtain P(D|H4, 1), the
likelihood. The first method utilizes residuals/correlation approach, and the second method utilizes a deep learning neural
network. The notion of simultaneously utilization several methods can be expressed in the likelihood by introducing a
new parameter M (method) and marginalizing it as follows:

P(D, Mlle I) = [P(Dlle Hlf I)P(MllHlf I)] + [P(DlMZf Hlf I)P(MZ |H1, I)]

[0103] P(D|My, Hy, I) refers to the probability of data under the supposition hypothesis H; is true and method one (M4,
residual/correlation) is used and any relevant background information (1)), while P(D|M,, H4, I) refers to the probability
of data under the supposition hypothesis H, is true and method two (M,, deep learning) is used and any relevant
background information (). P(M4|H,, 1) and P(M,|H,, 1) refers to the probability of each method before the data is
observed. In an uninformed state without any preference for each method, a flat probability can be assigned. If however
there is any reasonable preference for any given model corresponding information extraction reliability, the probabilities
can be adjusted accordingly.

[0104] When the data (D) is further expanded as different pieces of evidence and factorized the likelihood will appear
as follows:
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P(D|H;,T) = P(D, M[Hy, 1) =
[(P(E;IMy, Hy, DP(E,|My, Hy, DP(E5 My, Hy, 1) ... P(E, My, Hy, D) )P(M4 [Hy, D] +
[P(DlMZI Hll I)P(MZ |H1l I)]

[0105] Taking into account the deep learning model is trained with a single form of data input, further expansion into
several pieces of evidence for M, is not necessary.

In another embodiment, the neural network can also be utilized with different and distinct pieces of evidence from the
data as well.

[0106] In method one (M,), in one embodiment residual based and correlation based approaches are employed. In
another embodiment other additional sub methods or any number of combination of sub methods can be employed.
The correlation analysis helps estimate any association between a known morphology and an observed one, while the
residual based approach helps to keep track of shape based analysis. Thus two distinct methods can be exploited under
the umbrella of method one (M;) by once again introducing another parameter S referring to a sub method into the
expressions containing My and marginalizing it as follows:

P(DIH,, D) =

P(E, |S;, M;,H;,DP(E,|S; M;, Hy, DP(E5[S;, My, Hy, D) ... ) ]

2 11901 Y41, 101, 2190 Y1 1y 3191 Y 1 )

[[ 1:1< P(Enlsi;MllepI) P(SllMllHllI) P(MllHlll) +
[P(DlMZI Hll I)P(MZ |H15 I)]

[0107] In addition to such form of evidence extraction process, all possible case scenarios in regards to the pres-
ence/absence of data corruption can also be modelled. This modelling consists of the following possible putative sce-
narios:

1. Clean QRS-Complex, T-wave, and P-wave region

2. Clean QRS-Complex, and T-wave, while P-wave region is corrupted

3. Clean QRS-Complex, and P-wave region, while T-wave region is corrupted
4. Clean QRS-Complex, while T-Wave and P-Wave regions are corrupted

[0108] In order to include this scenarios into the likelihood calculation, once again a new parameter C referring to the
above listed case scenarios is introduced and marginalized as follows:

P(DIH,, D =

[ ! [ ' (P(Ellcj.si,Ml,Hl,I)P(E2|cj,Si.M1,Hl'I)P(E3|CJ"Si'M1'H1'I) )
i=1|&j=1 P(En|Cj,Si.M1'H1'I)

P(C;|S;, My, Hy) ] P(S;IMy, Hy, 1)] P(My[Hy, D) [+ [P(DIM,, Hy, DP(M,|Hy, D]

[0109] On the assumption E, refers to a given observed signal morphology, P(E1|Cj, S;, My, Hy, 1) would then be the
probability of the observed morphology under the supposition hypothesis H, is true and method one (M,) is used
consisting of for example the first possible case scenario (i = 1), residual based method (j = 1), and any additional relevant
background information.

[0110] In the equations described above, an assumption of independence between different pieces of evidence is
utilized. However, in other embodiments dependence between pieces of evidence could also be modelled and thus a
joint probability density can be generated and utilized.

[0111] The above described equations for the case of hypothesis H; also applies for hypothesis H,. However, the
probability density function utilized for both competing cases differ. For example, consider P(E4|C4, S, My, Hy, |) where
E, is evidence relating to QRS-complex morphology. In this expression, H, is assumed to be true, and sub method M,
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uses residuals as a source of evidence. The probability density function obtained by the expression should be able to
describe the distribution of RSS (residual sum of square) between the observed morphology and the designated mor-
phology assumed to represent the correct QRS-complex morphology. This RSS attempts to capture the possible sys-
tematic as well as biological variations that occur within the signal. The RSS distribution observed in a given region
between the reference (average) morphology and other detected QRS-complex morphology can be used in the likelihood
calculation when an additional incoming data portion enters the system. In addition, this probability density can also be
updated dynamically based on newly detected morphologies, and their corresponding RSS distribution using a Bayesian
framework.

[0112] Similarly, in order to capture the possible RSS distribution between designated QRS-morphology and noise,
a QRS-free region can be utilized. The same approach described above also applied when correlation based method
is considered and all necessary probability distributions are derived and continuously updated as more information is
gathered.

Posterior Probability at block 110

[0113] The process of calculating the final posterior Probability for Hypothesis, at block 110 requires a prior and a
likelihood. The prior probability is the probability at the beginning of the analysis when the hypothesis itself is defined.
The likelihood is calculated, at block 108, by utilizing the data (any piece of evidence) and the updated knowledge (PDFs
etc.) including those updated at block 106. Using Bayes’ theorem, the prior can be updated with the likelihood which
can be used to decide whether or not the Hypothesis is true/false at block 112.

Updating the evidence at block 114

[0114] The Process of updating evidence at block 114 includes but is not limited to: updating the PDF related to a
location of the feature of interest in an incoming new data portion; updating PDF related to morphology of the feature of
interest; any PDF generated during block 102 (evidence generation) can be updated. For updating any of the PDFs the
following process takes place: the original PDF obtained during evidence generation process 102 is used as a prior; for
the likelihood, a small portion of the data from within the new data portion is utilized. How this small portion is defined
is based on the prior PDF itself. For example if the prior PDF was assumed to follow a normal distribution and had the
parameters pn=10, a =5, for mean and standard deviation, respectively, one way would be to utilize all data points falling
within 10=* (20), as an example, to generate a new PDF for the likelihood. Then Bayes’ theorem is used to update the
prior PDF with the new PDF.

Signals
[0115] Data may include butis not limited to ECG, PPG, BCG, GCG, SCG, accelerometer, etc. Therefore the posterior

probability calculated at block 110 can also be expressed as follows:

P(H, |Data, )

P(ECG, PPG, BCG, SCG, GCG ... [Hy,DP(H4|D)
[P(ECG, PPG, BCG, SCG, GCG ...|Hq, DP(H¢|D)] + [P(ECG, PPG, BCG, SCG, GCG ... |[H,, DP(H,|D)]

[0116] In one embodiment all available biological and non-biological signals are utilized. In another embodiment any
combination of signals can be utilized.

[0117] In one embodiment all pieces of evidence extracted from each biological or non-biological signal is utilized
while in another embodiment any combination of pieces of evidence can be utilized

[0118] The hypothesis can refer to any relevant information in a biological signal and is not limited to ECG. Each
hypothesis has its own prior probability generated without having to look at the data and this prior probability is not
modified until its updated at the end of the method 100 at after block 112. Examples of hypothesis include but are not
limited to: there is an R-Peak in ECG Signal; there is a |-Valley in BCG Signal; there is a SPV peak in GCG Signal.
[0119] Evidence generated at block 102 includes but is not limited to: bio-signal morphology that defines feature of
interest; uncertainty of the morphology defined by a PDF; a possible location of feature of interest for future incoming
data; uncertainty of location of feature of interest for future incoming data; any relevant evidence and its uncertainty that
helps to determine if the Hypothesis is True/False.
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Apparatus

[0120] Fig 4 illustrates an example of an apparatus 200 comprising means for performing the method 100 as described
above. The apparatus 200 may, for example, comprise a controller 201.

[0121] The apparatus 200 is, in some but not necessarily all examples, a health monitoring apparatus that measure
features of a biological signal, to assess the health or fitness of a subject. The health monitoring apparatus 200 may as
a consequence of the performance of the method 100 detect anomalies in a biological signal. The biological signal may
be received from one or more sensors comprised in the apparatus 200

[0122] Implementation of a controller 201 may be as controller circuitry. The controller 201 may be implemented in
hardware alone, have certain aspects in software including firmware alone or can be a combination of hardware and
software (including firmware).

[0123] As illustrated in Fig 4 the controller 201 may be implemented using instructions that enable hardware function-
ality, for example, by using executable instructions of a computer program 206 in a general-purpose or special-purpose
processor 202 that may be stored on a computer readable storage medium (disk, memory etc) to be executed by such
a processor 202.

[0124] The processor 202 is configured to read from and write to the memory 204. The processor 202 may also
comprise an output interface via which data and/or commands are output by the processor 202 and an input interface
via which data and/or commands are input to the processor 202.

[0125] The memory 204 stores a computer program 206 comprising computer program instructions (computer program
code) that controls the operation of the apparatus 200 when loaded into the processor 202. The computer program
instructions, of the computer program 206, provide the logic and routines that enables the apparatus to perform the
methods illustrated in Fig 1. The processor 202 by reading the memory 204 is able to load and execute the computer
program 206.

[0126] The apparatus 200 therefore comprises:

at least one processor 202; and

at least one memory 204 including computer program code

the at least one memory 204 and the computer program code configured to, with the at least one processor 202,
cause the apparatus 200 at least to perform:

obtaining evidence from a signal including a probability density function for each of a plurality of parameters for
parameterizing the signal, including at least one probability density function for a parameter, of the plurality of
parameters, that positions the feature of interest within the signal data;

parameterizing a portion of signal data from a signal based upon a hypothesis that a point of interest in the
signal data is a position of the feature of interest;

determining a posterior probability of the hypothesis being true given the portion of the signal data

by combining

a prior probability of the hypothesis

and

a conditional probability of observing the portion of the signal data given the hypothesis,

wherein the conditional probability of observing the portion of the signal data given the hypothesis is based at
least upon:

a parameterization of a portion of the signal data and
a probability density function for at least one of the plurality of parameters;

using the posterior probability to determine whether or not the hypothesis is true;
the method further comprising:

updating at least one of the probability density functions for the plurality of parameters using a parameterization of
a portion of the signal data.

[0127] The computer program 206 may arrive at the apparatus 200 via any suitable delivery mechanism. The delivery
mechanism may be, for example, a non-transitory computer-readable storage medium, a computer program product, a
memory device, a record medium such as a Compact Disc Read-Only Memory (CD-ROM) or Digital Versatile Disc
(DVD), an article of manufacture that tangibly embodies the computer program 206. The delivery mechanism may be
a signal configured to reliably transfer the computer program 206. The apparatus 200 may propagate or transmit the
computer program 206 as a computer data signal.
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[0128] Although the memory 204 is illustrated as a single component/circuitry it may be implemented as one or more
separate components/circuitry some or all of which may be integrated/removable and/or may provide permanent/semi-
permanent/ dynamic/cached storage.

[0129] Although the processor 202 is illustrated as a single component/circuitry it may be implemented as one or more
separate components/circuitry some or all of which may be integrated/removable. The processor 202 may be a single
core or multi-core processor.

Application

[0130] As previously mentioned, Figs 2A, 2B, 2C illustrates examples of a biological signal. A morphology of interest
can be any recurrent morphology in a biological signal. Fig 2A illustrates an example of an electrocardiogram (ECG)
signal. Fig 2B illustrates an example of a ballistocardiogram (BCG) signal. Fig 2C illustrates an example of a seismo-
cardiogram (SCG). Fig 2D illustrates an example of a gyrocardiogram (GCG) signal. Gyrocardiography (GCG) is a non-
invasive technique for assessing heart motions by utilizing a gyroscope that is attached to the chest of an individual as
a sensor of angular motion.

[0131] The methods and apparatus described above detect automatically one or more recurrent features of interest
within a signal, for example, a biological signal.

[0132] Such automation reduces or eliminates the need for a trained human expert to review the signal and converts
the signal as measured to an intelligently parameterized signal is a form that is machine readable and machine proc-
essable. The signal is intelligently parameterized based on the recurrent features of interest that define that signals
morphology.

[0133] The signal, parameterized based on its recurrent features of interest, may be used as an input to further
processes.

[0134] These processes may occur locally or remotely. They may, for example, be cloud based.

[0135] These processes may use machine learning algorithms to identify anomalies in the bio-signal and/or create
training data for the machine learning algorithms. Examples of machine learning algorithms include, for example, neural
networks, hidden Markov models, logistic regression etc.

[0136] Alternatively or additionally, the processes may enable health monitoring applications when it may be desirable
to measure features of a biological signal, to assess the health or fitness of a subject.

[0137] Alternatively or additionally, the processes may enable a warning to be generated that alerts a subject or
someone else. The warning may, for example, warn the subject or someone else that an anomaly has been detected
or that a threshold has been exceeded. The warning may be an audible warning. The warning may be a message
communicated through a communication system.

[0138] The apparatus may, for example, be a personal, wearable apparatus.

[0139] The apparatus may, for example, be a health monitor apparatus or a vital-signs monitor apparatus.

[0140] The parameterization of the signal reduces the amount of bandwidth required to store or communicate a signal.
The Nyquist-Shannon theorem states that a signal must be sampled at at least twice the highest frequency of interest
within the signal. This can produce very large amounts of data which needs to be stored and/or transmitted. The reduction
of a time-varying biological signal into higher-level parameters that characterize the recurrent features of interest for that
signal’s morphology, significantly reduces the bandwidth required.

[0141] The above methods and apparatus therefore relate to a method of parameterizing a signal by detection of a
recurrent feature of interest within a signal or a method of reducing bandwidth/entropy of a signal by detection of a
recurrent feature of interest within a signal or a method of encoding for efficient storage or transmission of a signal by
detection of a recurrent feature of interest within a signal.

[0142] The methods comprise:

obtaining evidence, based on a signal, the evidence including a probability density function for each of a plurality
of parameters for parameterizing the signal, including at least one probability density function for a parameter, of
the plurality of parameters, that positions a feature of interest within signal data of the signal;

parameterizing a portion of the signal data from the signal based upon a hypothesis that a point of interest in the
signal data is a position of the feature of interest;

determining a posterior probability of the hypothesis being true given the portion of the signal data

by combining

a prior probability of the hypothesis

and

a conditional probability of observing the portion of the signal data given the hypothesis,

wherein the conditional probability of observing the portion of the signal data given the hypothesis is based at least
upon:
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the parameterization of the portion of the signal data and
the probability density function for at least one of the plurality of parameters;

using the posterior probability to determine whether or not the hypothesis is true;
the method further comprising:

updating atleast one of the probability density functions for the plurality of parameters using the parameterization
of the portion of the signal data.

[0143] References to’computer-readable storage medium’, ’computer program product’, ‘tangibly embodied computer
program’ etc. or a ‘controller’, ‘computer’, ‘processor’ etc. should be understood to encompass not only computers having
different architectures such as single /multi- processor architectures and sequential (Von Neumann)/parallel architectures
but also specialized circuits such as Field-Programmable Gate Arrays (FPGA), Application Specific Integrated Circuits
(ASIC), signal processing devices and other processing circuitry. References to computer program, instructions, code
etc. should be understood to encompass software for a programmable processor or firmware such as, for example, the
programmable content of a hardware device whether instructions for a processor, or configuration settings for a fixed-
function device, gate array or programmable logic device etc.

[0144] As used in this application, the term ’circuitry’ refers to all of the following:

(a) hardware-only circuit implementations (such as implementations in only analog and/or digital circuitry) and

(b) to combinations of circuits and software (and/or firmware), such as (as applicable): (i) to a combination of
processor(s) or (ii) to portions of processor(s)/software (including digital signal processor(s)), software, and mem-
ory(ies) that work together to cause an apparatus, such as a mobile phone or server, to perform various functions and
(c) to circuits, such as a microprocessor(s) or a portion of a microprocessor(s), that require software or firmware for
operation, even if the software or firmware is not physically present.

This definition of "circuitry’ applies to all uses of this term in this application, including in any claims. As a further example,
as used in this application, the term "circuitry" would also cover an implementation of merely a processor (or multiple
processors) or portion of a processor and its (or their) accompanying software and/or firmware. The term "circuitry"
would also cover, for example and if applicable to the particular claim element, a baseband integrated circuit or applications
processor integrated circuit for a mobile phone or a similar integrated circuit in a server, a cellular network device, or
other network device.

[0145] The blocks illustrated in Fig 1 may represent steps in a method and/or sections of code in the computer program
206. The illustration of a particular order to the blocks does not necessarily imply that there is a required or preferred
order for the blocks and the order and arrangement of the block may be varied. Furthermore, it may be possible for
some blocks to be omitted.

[0146] As used here’module’ refers to a unit or apparatus that excludes certain parts/components that would be added
by an end manufacturer or a user. the apparatus 10 may be a module.

[0147] The term 'comprise’is used in this document with an inclusive not an exclusive meaning. That is any reference
to X comprising Y indicates that X may comprise only one Y or may comprise more than one Y. If it is intended to use
‘comprise’ with an exclusive meaning then it will be made clear in the context by referring to "comprising only one" or
by using "consisting".

[0148] In this brief description, reference has been made to various examples. The description of features or functions
in relation to an example indicates that those features or functions are present in that example. The use of the term
‘example’ or 'for example’ or ‘may’ in the text denotes, whether explicitly stated or not, that such features or functions
are present in at least the described example, whether described as an example or not, and that they can be, but are
not necessarily, present in some of or all other examples. Thus ‘example’, ‘for example’ or ‘'may’ refers to a particular
instance in a class of examples. A property of the instance can be a property of only that instance or a property of the
class or a property of a subclass of the class that includes some but not all of the instances in the class. It is therefore
implicitly disclosed that a feature described with reference to one example but not with reference to another example,
can where possible be used in that other example but does not necessarily have to be used in that other example.
[0149] Although embodiments of the presentinvention have been described in the preceding paragraphs with reference
to various examples, it should be appreciated that modifications to the examples given can be made without departing
from the scope of the invention as claimed.

[0150] Features described in the preceding description may be used in combinations other than the combinations
explicitly described.

[0151] Although functions have been described with reference to certain features, those functions may be performable
by other features whether described or not.
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[0152] Although features have been described with reference to certain embodiments, those features may also be
present in other embodiments whether described or not.

[0153] Whilst endeavoring in the foregoing specification to draw attention to those features of the invention believed
to be of particular importance it should be understood that the Applicant claims protection in respect of any patentable
feature or combination of features hereinbefore referred to and/or shown in the drawings whether or not particular
emphasis has been placed thereon.

Claims
1. A method of detection of a recurrent feature of interest within a signal comprising:

obtaining evidence, based on a signal, the evidence including a probability density function for each of a plurality
of parameters for parameterizing the signal, including at least one probability density function for a parameter,
of the plurality of parameters, that positions a feature of interest within signal data of the signal;
parameterizing a portion of the signal data from the signal based upon a hypothesis that a point of interest in
the signal data is a position of the feature of interest;

determining a posterior probability of the hypothesis being true given the portion of the signal data

by combining

a prior probability of the hypothesis

and

a conditional probability of observing the portion of the signal data given the hypothesis,

wherein the conditional probability of observing the portion of the signal data given the hypothesis is based at
least upon:

the parameterization of the portion of the signal data and
the probability density function for at least one of the plurality of parameters;

using the posterior probability to determine whether or not the hypothesis is true;
the method further comprising:

updating at least one of the probability density functions for the plurality of parameters using the parame-
terization of the portion of the signal data.

2. A method as claimed in claim 1, wherein
updating at least one of the probability density functions for the plurality of parameters using the parameterization
of the portion of the signal data comprises:

using a Bayesian framework to apply a likelihood to a prior probability density function to obtain a posterior
probability.

3. A method as claimed in claim 1 or 2, wherein
updating at least one of the probability density functions for the plurality of parameters using the parameterization
of the portion of the signal data comprises:

updating at least the probability density function for the parameter that positions the feature of interest within
the signal data before determining the posterior probability of the hypothesis being true.

4. A method as claimed in claim 1, 2 or 3, wherein
updating at least one of the probability density functions for the plurality of parameters using the parameterization
of the portion of the signal data comprises:

updating the probability density function for the parameter that positions the feature of interest within the signal
data by performing a Bayesian update on a prior, the original probability density function for the parameter that
positions the feature of interest within the signal, using a likelihood determined by a limited search of the signal
data to identify the feature of interest.

5. A method as claimed in any preceding claim, wherein updating at least one of the probability density functions for
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the plurality of parameters using the parameterization of the portion of the signal data comprises:

updating at least some of the probability density functions for the plurality of parameters after determining the
posterior probability of the hypothesis being true.

A method as claimed in any preceding claim, comprising parameterizing the signal based upon expected parameters
that characterize a recurrent feature of interest of a biological signal.

A method as claimed in any preceding claim, comprising parameterizing the signal based upon expected parameters
that characterize a subject’s heartbeat.

A method as claimed in any preceding claim, comprising parameterizing the signal based upon expected parameters
of an electrocardiogram signal.

A method as claimed in claim 8, wherein the point of interest is an R-peak of a PQRST complex in the electrocar-
diogram signal.

A method as claimed in claim 8 or 9 comprising:

parameterizing the signal based upon an analysis of amplitude variation over time wherein

at least some parameters are based on amplitudes of putative waves in the electrocardiogram signal and

at least some parameters are based on inter-wave and intra-wave time durations for putative waves in the
electrocardiogram signal.

A method as claimed in any preceding claim, wherein

determining a posterior probability of the hypothesis being true given the portion of the signal data

by combining a prior probability of the hypothesis and a conditional probability of observing the portion of the signal
data given the hypothesis, comprises:

creating a product by multiplying the conditional probability of observing the portion of signal data given the
hypothesis by
the prior probability of the hypothesis.

A method as claimed in claim 11 comprising:

normalizing the product by dividing by the sum of

a conditional probability of observing the portion of the signal data given the hypothesis multiplied by a prior
probability of the hypothesis and

a probability of the portion of the signal data given a competing hypothesis multiplied by a prior probability of
the competing hypothesis.

A method as claimed in any preceding claim, wherein if the hypothesis is true, using a parameterization of the signal
data based upon a hypothesis to encode the signal for storage, transmission or processing.

An apparatus comprising:

means for obtaining evidence, based on a signal, the evidence including a probability density function for each
of a plurality of parameters for parameterizing the signal, including at least one probability density function for
a parameter, of the plurality of parameters, that positions a feature of interest within signal data of the signal;
means for parameterizing a portion of the signal data from the signal based upon a hypothesis that a point of
interest in the signal data is a position of the feature of interest;

means for determining a posterior probability of the hypothesis being true given the portion of the signal data
by combining

a prior probability of the hypothesis

and

a conditional probability of observing the portion of the signal data given the hypothesis,

wherein the conditional probability of observing the portion of the signal data given the hypothesis is based
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at least upon:

the parameterization of the portion of the signal data and
the probability density function for at least one of the plurality of parameters;

means for using the posterior probability to determine whether or not the hypothesis is true;
means for updating at least one of the probability density functions for the plurality of parameters using the
parameterization of the portion of the signal data.

15. A computer program that when run on a processor enables the processor to cause:

obtaining evidence, based on a signal, the evidence including a probability density function for each of a plurality
of parameters for parameterizing the signal, including at least one probability density function for a parameter,
of the plurality of parameters, that positions a feature of interest within signal data of the signal;
parameterizing a portion of the signal data from the signal based upon a hypothesis that a point of interest in
the signal data is a position of the feature of interest;

determining a posterior probability of the hypothesis being true given the portion of the signal data by combining

a prior probability of the hypothesis

and

a conditional probability of observing the portion of the signal data given the hypothesis,

wherein the conditional probability of observing the portion of the signal data given the hypothesis is based
at least upon:

the parameterization of the portion of the signal data and
the probability density function for at least one of the plurality of
parameters;

using the posterior probability to determine whether or not the hypothesis is true;

updating atleast one of the probability density functions for the plurality of parameters using the parameterization
of the portion of the signal data.
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