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Description
TECHNICAL FIELD

[0001] This disclosure relates to systems and methods for averaging a plurality of signals, such as may be used for
assessing a biological condition.

BACKGROUND

[0002] When an electrophysiological signal is sensed, the sensed signal can be contaminated with interfering noise
from various sources. For the example of electrocardiogram (ECG) signals, sources of the noise can be a combination
one ormore ofthe following: electromagneticradiation (e.g., about 50Hz or 60Hz depending on the country and harmonics)
which include radio transmission, electrical wires, fluorescent lights; motion artifacts and baseline drift (e.g., ranging
from about OHz to about 20Hz); electromyographic noise (e.g., ranging from about 20Hz to about 200Hz); and other
electrophysiological equipment (e.g., generally ranging from about OHz to about 2000Hz). Given that the diagnostic
frequency spectrum of ECGs can range from about 0.5Hz to about 100Hz, the presence of the noise can make a
physician’s analysis and diagnostic interpretation of the data difficult, especially when the sensed signals are low voltage
signals (e.g., less than about 50 V).

[0003] Acommon and simple post-analysis method to remove contamination noise is to use a digital filter. For example,
a band pass digital filter can eliminate both high and low frequency noise and only allow the desired frequencies to pass.
However, the frequency response of a narrow frequency band filter may also remove physiologically relevant frequencies
of the ECG signal. Another approach is to use a signal averaging technique which is commonly used in signal-averaged
electrocardiography. The method may reduce small amounts of interfering noise, but cannot process large amount of
noise or variations within the ECG signal. Principles of high-resolution electrocardiogram are provided by Lander P. et
al.: "Principles and signal processing techniques of the high-resolution electrocardiogram”, PROGRESS IN CARDIO-
VASCULAR DISEASES, SAUNDERS, PHILADELPHIA, PA, US, vol. 35, no. 3, 1 November 1992, pages 169-188,
ISSN: 0033-0620, DOI: 10.1016/0033-0620(92)90010-W

[0004] WO 2006/039693 A1 discloses a method for monitoring and tracking a cardiac activation sequence. In particular,
the document refers to a method of performing PCA on collected and/or pre-filtered signal (recorded signals) to produce
a set of eigenvectors and associated eigenvalues to describe an optimal linear combination of the recorded signals.

SUMMARY

[0005] The invention is defined in the independent claims.

[0006] One example is related to a method comprising performing principal component analysis (PCA) on data cor-
responding to a subset of a plurality of signals and a selected template to generate a virtual lead and an optimized
template. Each of the plurality of signals can correspond to an electrical biological signal detected by a sensor. The
method can also comprise calculating a cross correlation on the virtual lead and the optimized template to determine a
strength of linear dependence between the virtual lead and the optimized template to determine regions of interest (ROls)
of the virtual lead. The method can further comprise detecting peak correlation coefficients in the virtual lead. The method
can yet further comprise comparing the amplitude of each of the ROls of the virtual lead with the selected template to
determine an error between the template and each ROI of the virtual lead. The method can still yet further comprise
averaging the ROls to generate averaged data.

[0007] Anotherexamplerelatesto a non-transitory machine readable medium for storing machine readable instructions.
The machine readable instructions can comprise a signal averager configured to receive measurement data that char-
acterizes a plurality of detected biological signals. The signal averager can comprise a PCA function configured to
perform PCA on the measurement data for a subset of the detected biological signals and a selected template to generate
a virtual lead and an optimized template. The signal averager can also comprise a cross correlation (CC) calculator
configured to determine a strength of linear dependence between the virtual lead and the optimized template to determine
ROIs of the virtual lead. The signal averager can further comprise an amplitude comparator configured to compare the
amplitude of each of the ROIs of the virtual lead with the selected template to determine an error between the template
and each ROI of the virtual lead. The signal averager can still further comprise a segment averaging function configured
to average each of the ROls to calculate averaged data (e.g., for each of the biological signals).

[0008] Yet another example can relate to a system comprising a memory for storing machine readable instructions
and a processing unit to access the memory and execute the machine readable instructions. The machine readable
instructions can comprise a signal averager configured to detect regions of poor signal quality for each of a plurality of
signals, wherein each of the plurality of signals corresponds to a biological signal. The signal averager can also be
configured to determine which of the plurality of signals is associated with a bad channel based on the detected regions
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of poor signal quality. The signal averager can still further be configured to provide averaged data corresponding to an
average of ROlIs that are determined based on a strength of linear dependence between a virtual lead and an optimized
template, wherein the virtual lead and the optimized template are based on the plurality of signals that are not associated
with the bad channel and based on a selected template.

BRIEF DESCRIPTION OF THE DRAWINGS
[0009]

FIG. 1 illustrates an example of a system for signal averaging.

FIG. 2 illustrates a flow chart of an example user work flow for implementing signal averaging.

FIG. 3 illustrates an example of a template selection screen.

FIG. 4 illustrates an example of a map preview screen with an ability to apply a signal averaging process.
FIG. 5 illustrates an example of a pre-signal averaging screen.

FIG. 6 illustrates an example of a signal averaging process running.

FIG. 7 illustrates an example of completed signal averaging results with a maximum number of segments averaged
reached.

FIG. 8 illustrates an example of potential and isochrones maps created from signal averaged data.
FIG. 9 illustrates a flow chart of an example method for signal averaging.

FIG. 10 illustrates an example of Eigenvalues and eigenvectors.

FIG. 11 illustrates an example of P-wave accuracy test results.

FIG. 12 illustrates another example of P-wave accuracy test results.

FIG. 13 illustrates an example of a template versus averaged signal comparison.

FIG. 14 illustrates an example of a composite plot of all regions of interest detected to be averaged.
FIG. 15 illustrates an example of a template and averaged signal comparison.

FIG. 16 illustrates an example of template versus averaged signal comparison.

FIG. 17 illustrates an example of a composite plot of all regions of interest detected to be averaged.
FIG. 18 illustrates an example of a template and averaged signal comparison.

FIG. 19 illustrates an example of a template versus averaged signal comparison.

FIG. 20 illustrates an example of a composite plot of all regions of interest detected to be averaged.
FIG. 21 illustrates an example of a template and averaged signal comparison.

FIG. 22 illustrates an example of signal averaging results from a test case, Channel 1.

FIG. 23 illustrates another example flowchart of a method for averaging signals.

FIG. 24 illustrates another example of a system for averaging signals.

DETAILED DESCRIPTION

[0010] This disclosure relates to signal averaging for detected biological electrical signals. The signal averaging sys-
tems and methods provide an efficient approach for reducing the noise and preserve integrity of signal.

[0011] For example, ECG signals can be contaminated by interfering noise, whether from other lab equipment (com-
puters) or the patient (electromyographic noise). The presence of the noise can make analysis and diagnostic interpre-
tation of the data difficult, especially when the signals are low in voltage since the noise can overshadow the signal and
prevent detection. Along with reducing the amount of interfering noise, the systems and methods disclosed herein can
help accentuate and bring out small, but highly key signals that may be of diagnostic importance.

[0012] This disclosure provides signal averaging operative to reduce noise and enable low amplitude signal detection,
such as body surface electrical activity. As an example, the signal averaging disclosed herein can encompass detection
of local and global signal quality, data optimization by a principal component analysis, template matching by cross
correlation, accurate matching by peak correlation detection and amplitude comparison, and ensemble averaging over
all input channels, such as by using signal quality discrimination methods. The approach disclosed herein can also
mitigate the number of false detections with a high accuracy of template detection, which can result in higher signal
quality. As another example, by utilizing the signal averaging approach disclosed herein, signals as small as about 3V
or less could be detected depending on the varying noise level. It will be appreciated that the signal averaging approach
can be utilized to improve and advance the performance and accuracy of the detection method while preserving the
noise reduction procedure.

[0013] For ease of explanation, examples of the signal averaging systems and methods are disclosed herein in the
context of electrocardiogram (ECG) signals. It will be understood and appreciated that the systems and methods are
equally applicable to other types of sensed electrical signals, including other types of electrophysiological signals (e.g.,
electromyography, electroencephalography, electrooculography, audiology and the like) as well as non-physiological
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electrical signals.

[0014] FIG. 1 illustrates an example of a system 2 that can be employed to process detected biological signals, such
as ECG, EEG, EMG, EOG signals or the like. The system 2 can include a substrate 4 with a sensor array 6 mounted
thereon. The substrate 4 could be implemented, for example, as a patient vest, a patient helmet or the like. The substrate
4 can be in physical contact with a patient’s body 8. Alternatively, the sensors 6 can be connected to the patient’'s body
8 with out using a substrate.

[0015] Sensorsinthe sensor array 6 can be spaced apart in a distributed arrangement to detect the biological signals
at different positions of the patient’'s body 8. Each of the sensors could be implemented, for example, as an electrode
that can be utilized for recording patient electrical activity of a region of interest (ROI) 10, such as a heart or a brain of
the patient. In some examples, the sensor array 6 can include non-invasive sensors that are attached to an external
surface of the patient’s body 8, such as the torso or head. Additionally or alternatively, the sensor array 6 could include
invasive sensors that are positioned at the region of interest within the patient’s body 8. In some examples, there can
be about 200 or more sensors (e.g., about 252 sensors) in the sensor array 6. The number of sensors can vary according
to application requirements.

[0016] The signals detected by the sensor array 6 can be referred to as detected signals. The detected signals can
be provided to a measurement system 12. The measurement system 12 can include a control 14 which can be imple-
mented as hardware and/or software for providing corresponding measurement data 16 that characterizes electrical
signals detected by each of the sensors in the sensor array 6. The measurement data 16 can be stored in memory as
analog or digital information. Appropriate timestamps can be utilized for indexing the temporal relationship between the
respective measurement data 16 to facilitate the evaluation and analysis thereof. The measurement data 16 can be
provided to a signal analysis system 18.

[0017] In the example of FIG. 1, the signal analysis system 18 can be implemented as a computer, such as a laptop
computer, a desktop computer, a server, a tablet computer, a workstation or the like. The signal analysis system 18 can
include a memory 20 for storing data and machine-readable instructions. While the measurementdata 16 is demonstrated
as being external to the analysis system 18, such data could be stored in the memory 20 of the analysis system. The
memory 20 could be implemented, for example, as a non-transitory computer storage medium, such as volatile memory
(e.g., random access memory), nonvolatile memory (e.g., a hard disk drive, a solid-state drive, flash memory or the like)
or a combination thereof.

[0018] The signal analysis system 18 can also include a processing unit 22 to access the memory 20 and execute the
machine-readable instructions stored in the memory. The processing unit 22 could be implemented, for example, as
one or more processor cores. In the present examples, although the components of the signal analysis system 18 are
illustrated as being implemented on the same system, in other examples, the different components could be distributed
across different systems and communicate, for example, over a network.

[0019] By way of example, the measurement data 16 can be provided to a channel selector 24 stored in the memory
20. The channel selector 24 can, for example, be employed to select a template region (e.g., corresponding to P wave
or identifiable portion) of detected signals characterized in the measurement data 16. In some examples, the channel
selector 24 can interface with a graphical user interface (GUI) 26 stored in the memory 20, such that the template region
can be selected in response to user input 28. Additionally, the GUI 26 can provide data to a display 27 sufficient to
provide a graphical representation (e.g., a chart) corresponding to each (or a selected subset) of the detected signals
included in the measurement data 16, such as to facilitate selecting the template region.

[0020] The selected template region can be provided to a signal averager 30 that is stored in the memory 20. The
signal averager 30 can be programmed to employ processing methods, such as those disclosed herein to provide
averaged data 32 for each of the detected input signal signals based on the detected signals in the template region. The
number of input signals (corresponding to input channels) can depend on the configuration of the sensor array 6, and
averaging is performed in relation to each such input channel (excluding bad channels), for example. The signal averager
30 can be programmed to perform data pre-processing to determine localized signal quality as well as global signal
quality per channel can be implemented.

[0021] In one example, the GUI 26 can select study data 34 for a given study in response to user input 28. The study
data can characterize a particular type of biological study to perform on the patient. For instance, in some examples,
the given study could be an atrial study, a ventricle study or the like. In other examples, the study data can identify one
or more different anatomical regions of interest, which can be selected in response to user input or automatically according
to other preselected analysis criteria. In any case, the study data can include information that identifies a subset of the
sensors (or nodes) in the sensor array 6 for the selected study, which subset can collectively referred to as sensing zone
channels 36. In some examples, the subset of the sensors could be a proper subset of the sensors in the sensor array
6, while in other examples, the subset can include all of the sensors in the sensor array 6. The sensing zone channels
36 could be predefined for a given type of study as represented by the study data 34. Alternatively or additionally, the
sensing zone channels 36 could be determined based on an analysis of the patient and/or the sensor array 6 in response
to a user input. The study data 34 can also be provided to the signal averager 30.
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[0022] The signal averager 30 can include a noise detector 37 that can detect and remove correlated noise (e.g.,
ambient noise from a power line). The noise detector 37 can be implemented in the measurement system as another
example. In some examples, the noise detector 37 can be implemented as a low pass filter. The output of the noise
detector 37 can be provided to a bad channel detector 38.

[0023] The bad channel detector 38 can be implemented to detect a bad channel. The bad channel detector 38 can
identify a channel as a "bad channel" upon determining, for example, if all of the data points in the channel are zero or
if about 75% or more of the signal for such channel is to be deemed to have a poor signal quality. The bad channels
identified by the bad channel detector 38 can be provided to a zone selector 40 of the signal averager 30. The zone
selector 40 can selects a zone corresponding to the subset of sensing zone channels 36 included in the study data 34
and excludes the bad channel. The selected zone and identified bad channels can be provided to a principal component
analysis (PCA) function 42 of the signal averager 30. As mentioned above, the selected zone can include a proper
subset of the input channels or it can include up to all input channels. In some examples, bad channels may reside within
the selected zone or they may be outside of the selected zone. In this latter case, the bad channel may be excluded
from use by the PCA function 42 without affecting the PCA. If one or more bad channels reside within the selected zone,
the bad channels can be omitted from analysis or, alternatively, interpolation of signals from a neighbouring set of
channels can be utilized as a substitute channel.

[0024] The PCA function 42 can perform PCA on the measurement data 16 corresponding to the channels included
in the selected zone, excluding any channels in the selected that had been identified as bad channels. The PCA function
42 can analyze the measurement data 16 characterizing the subset of the detected signals identified in the selected
zone to provide a mechanism for identifying patterns in data of high dimensions and expressing that data in a manner
that emphasizes the similarity and differences in the data, such as in a manner described herein. The PCA function 42
can calculate a covariance matrix for the measurement data 16 characterizing the subset of the detected signals identified
in the selected zone. The PCA function 42 can also compute eigenvectors and eigenvalues of the covariance matrix by
employing single variable decomposition, such as disclosed herein. The PCA function 42 can provide an orthogonal
representation of the measurement data 16 characterizing the subset of the detected signals identified in the selected
zone, in which the orthogonal dimensions can be sorted in a decreasing order of relevance such that a first component
of the decomposition can be a dimension that carries the most information, such as described herein.

[0025] By employing such techniques, the PCA function 42 can calculate a virtual lead from the subset of channels.
The virtual lead, corresponding to a single channel derived from the subset of input channels, can be utilized for further
processing by the signal averager 30. The virtual lead creation resolves the issue of multiple computationally intensive
procedures and creates an efficient format that can be used as evaluation criteria for future processes. The PCA function
42 can also be utilized to derive an optimized template from the selected template (e.g., automatically or manually
selected). The PCA-optimized template, for example, can correspond to a P wave detection function for use by the signal
averager 30. Thus, the PCA function 42 is utilized to detect the time location where the template matches the input
signal. As disclosed herein, the actual averaging (via segment averaging function 50) is performed on the original input
measurement data 16 (e.g., excluding bad channels) to mitigate loss of important information in the input data.

[0026] As a further example, the optimized template and the virtual lead can be provided to a cross correlation (CC)
calculator 44. The CC calculator 44 can be employed to determine the strength of linear dependence between the
optimized template and the virtual lead, which strength can be characterized in a CC signal. The CC calculator 44 can
determine regions of interest (ROIs) that are set to maxima of the CC signal and a length of the optimized template, and
provide the ROls to a peak correlation coefficient detector 46 for each input channel.

[0027] The peak correlation coefficient detector 46 of the signal averager 30 can locate maximum correlation coeffi-
cients in the virtual lead by employing a smooth derivative from correlation coefficient data, in a manner described herein.
The output of the peak correlation coefficient detector 46 and the ROIs can be provided to an amplitude comparator 48.
Additionally, the amplitude comparator 48 can compare the amplitude of each ROl with the optimized template to calculate
in error between the optimized template and the virtual lead ROl to determine each extraction point, such as in a manner
disclosed herein. Each extraction point thus can correspond to a time-referenced location derived from the optimized
template and the virtual lead.

[0028] The signal averager 30 can also include a segment averaging function 50 that can calculate an average for
each respective channel over each of the ROIs provided from the amplitude comparator 48 for the respective channel.
The averaging function can employ the extraction point (e.g., corresponding to a time location) to perform the averaging
for corresponding segments in each respective channel. The segment averaging function 50 can also account for the
number of bad channels detected by the bad channel detector 38, such as by excluding such bad channels from the
averaging process. The method ensemble averages the detected regions and uses the signal quality information cal-
culated previously to prevent averages with uninterpretable or poor signal quality regions. The output of the segment
averaging function 50 can be provided as the averaged data 32 that characterizes an average signal for each of the
ROIs, which can in some examples, corresponded to about 256 averaged signals (e.g., virtual leads). This averaging
function thus evaluates smaller regions within a channel signal for signal quality rather than excluding the full channel
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from calculation based on an overall trend or small segment judgement. After the acceptable regions have been averaged,
the data is then available for subsequent analysis and processing (e.g., for map creation or generating other outputs).
The averaged data 32 can be stored in the memory 20 to represent average signal waveforms for each of the input
channels corresponding to the measurement data 16.

[0029] The averaged data 32 can be provided to a mapping system 54 stored in the memory 20. The mapping system
54 can employ a reconstruction component 56 to convert the average data to corresponding reconstructed electrical
activity of the organ under study (e.g., the patient’s heart). In some examples, the reconstruction component 56 can
combine the averaged data 32 with geometry data 58 that characterizes a geometry of the organ under study 10 and
execute an inverse algorithm to reconstruct the electrical activity of the organ under study 10 on an envelope, such as
and epicardial, an endocardial envelope or other envelope. The envelope can correspond to an anatomical surface of
the organ or otherwise.

[0030] The mapping system 54 can also include a map generator 60 configured to produce corresponding map data
based on reconstructed electrical activity of the organ under study 10 computed by the reconstruction component 56.
The map data can be provided to the GUI 26 such that the GUI 26 can provide data sufficient cause the display 27 to
output a map of the organ under study 10, such as a potential and/or an isochrone map.

[0031] In view of the foregoing structural and functional features described above, example methods will be better
appreciated with reference to FIGS. 2, 9 and 25. While, for purposes of simplicity of explanation, the example methods
of FIGS. 2 9 and 25 are shown and described as executing serially, the present examples are not limited by the illustrated
order, as some actions could in other examples occur in different orders and/or concurrently from that shown and
described herein. Moreover, it is not necessary that all described actions be performed to implement a method. The
example methods of FIGS. 2 9 and 25 can be implemented as computer-readable instructions that can be stored in a
non-transitory computer readable medium such as can be computer program product. The computer readable instructions
corresponding to the methods of FIGS. 2 9 and 25 can also be executed by a processor (e.g., the processing unit 22 of
FIG. 2).

[0032] FIG. 2 illustrates an example method 100 of a user workflow for employing the signal averaging method. At
110, data (e.g., measurement data) can be acquired at a signal analysis system, such as the signal analysis system 18
illustrated in FIG. 1. The data can be acquired in real-time or near real-time, for example, from a plurality of sensors
(e.g., the plurality of sensors 6 illustrated in FIG. 1). Alternatively or additionally, the data can be acquired earlier and
loaded from a separate file (e.g., stored in memory).

[0033] At120, the user can employ a user interface (e.g., GUI 26 illustrated in FIG. 1) to select a template region using
the available selection callipers. FIG 3 illustrates an example of a template selection screen 200 wherein calipers 202
are selected from ECG signals 204 that are provided from a sensor array 206. The user then (via the GUI) chooses to
map the template region. Referring back to FIG. 2, at 130, the user can be presented with a preview of the data to be
signal averaged and the ability to begin the signal averaging process. FIG. 4 illustrates an example of a map preview
screen 250 with ability to apply a signal averaging process and select correction filters that can be applied to the acquired
data. FIG. 5 illustrates an example of a pre-signal averaging screen 300. Referring back to FIG. 2, before the template
is matched, at 140 a signal averaging process is initiated such as in response to a user input (e.g., CONTINUE GUI
element in FIG. 5).

[0034] In response to initiating the signal averaging at 140, a display can show the current signal averaging results
as well as the mean number of segments averaged and the iteration number. FIG. 6 illustrates an example of a signal
averaging process screen 350 running. The signal averaging process can terminate (e.g., end) automatically when a
user defined number of segments averaged are reached or if the process reaches the beginning of the data set. The
user can also stop the process manually (e.g., in response to providing an input via a GUI, such as the GUI 26 illustrated
in FIG. 1).

[0035] FIG. 7 illustrates an example of a completed signal averaging results screen 400 with a predefined maximum
number of segments averaged reached. Referring back to FIG. 2, upon completing the signal averaging, at 150, the
user can use perform inverse solution techniques on the averaged data (e.g., the averaged data 32 illustrated in FIG.
1) to generate potential and isochrone maps. In some examples, the potential and isochrone maps can be generated,
for example by the mapping system 54 illustrated in FIG. 1. FIG. 8 illustrates an example screen 450 of a potential map
452 and an isochrone map 454 that can be created from signal averaged data.

[0036] FIG. 9illustrates an example process flow chart representing a signal averaging method 500. The method 500
could be implemented, for example, by the signal averager 30 illustrated in FIG. 1.

[0037] At510, a template region and ECG data can be obtained, such as described with respect to FIG. 2. By way of
example, the signal averaging method 500 (e.g., algorithm) can receive the following inputs: the ECG data signal, the
previous number of segments averaged, the previous averaged signal, the threshold of the correlation coefficients, the
number of segments to average until the process returns a value to stop averaging, the template signal, a list of bad
channels, the sensing zone channels, and the rate at which the data was sampled. As an alternative or in addition to
the sensing zone channels, a minimum number of channels can also be provided as an input such that the minimum



10

15

20

25

30

35

40

45

50

55

EP 2 704 628 B1

number of channels can be required in order to implement the signal averaging method 500. In situations when a sensing
zone is utilized, the location of the electrodes can be considered sufficient such that the minimum number of channels
can be ignored or a different minimum number can be used depending on the channels in the sensing zone.

[0038] At515, correlated noise can be removed from the input signals (e.g., by the measurement system 52 illustrated
in FIG. 1). This can be performed before or after the electrical data is acquired by the method 500. The noise which the
signal averaging method can efficiently remove is uncorrelated, or random. To mitigate correlated noise from entering
the signal averaging process, a line filter and a low pass filter can be implemented (e.g., part of the measurement system
12 of FIG. 1) before the data was processed by the signal averager. A line filter can remove the 60Hz (or 50Hz for
European outlets) and further harmonics of 60Hz ambient noise from the signals. A 100Hz Butterworth low pass filter
will remove frequencies above 100Hz, given that the frequency spectrum of ECG signals is between 0.05Hz and 100Hz.
The 100Hz low pass filter is a standard for United States ECG machines. Such filters can be implemented in hardware,
software or a combination thereof.

[0039] As an example, for white noise, the noise level can be represented as the standard deviation, or a (sigma).
The probability of detecting a signal with an amplitude range of opg (DS = detected signal) is based on the input signal
noise level (c,4se) and the number of waveforms averaged (Nb) and can be calculated with Equation 1.

. [ V)
p(X):l—;/ZﬁjxexpL—%dN_sz sz Equation 1.

noise

Equation 1 represents the probability of extracting a signal of certain amplitude from a signal with a certain noise level
after a specified number of waveform averages. Since the signal averaging method employed by the signal averager
would be applied to detect signals as low of voltage as 3V for PV reconnection analysis, 3uV was the baseline signal
amplitude used for analysis.

[0040] At 520, regions of poor signal quality and bad channels can be detected and stored in a memory (e.g., of the
signal analysis systemillustrated in FIG. 1). For example, bad channels can be detected by a bad channel detector (e.g.,
the bad channel detector 38 illustrated in FIG. 1). Input bad channels can be defined as channels which were missing
from the CT scan, were completely saturated, or were chosen by the user (e.g., manually selected via a GUI, such as
the GUI 26 illustrated in FIG. 1) as bad channels. Additionally, such detection can employ, for example, discrimination
methods, such as bad channel detection and amplitude comparison, to search all channels of torso potential data (or
other data) for a matching morphology of a chosen template signal within a limited threshold range. The highest quality
matching regions thus can be averaged per channel and the resultant data is returned such that the detected regions
of poor signal quality and/or bad channels can be ignored. The bad channel detector can utilize a predetermined temporal
windowed segment of data for each iteration (e.g., about 30 seconds of data). For consecutive iterations, systems and
methods can retrieve 30 seconds of data before the previous iteration.

[0041] As further example, to detect the regions of poor signal quality and/or bad channels, the bad channel detector
can employ a bad channel detection algorithm. In one example the bad channel detector can identify a channel as a
"bad channel" in response to determining, for example, if either all the data points in the channel are zero or 75% of the
signal is deemed as of poor signal quality. For instance, the input data can be divided into segments of a plurality of
data points (e.g., 2000 data points, or less if the data set contained less than 2000 data points). The bad channel detector
can evaluate each windowed segment based on the variation of the baseline, amplitude changes between windows,
large amplitude changes, and all zero data (no information).

[0042] For each windowed segment, the bad channel detection at 520 can calculate a baseline with a low pass filter
FIR digital filter (e.g., a 0.1 Hz LPF) employing the window method. The baseline can be subtracted from the signal in
order to make a comparison the signals with and without the baseline. The bad channel detection can compare each
windowed segment to the previous segment for variations between the amplitude and baseline drift. The segment can
be evaluated for the variation of the signal from the baseline and if the signal contained all zeros. If any of these criteria
were met, the segment can be marked (e.g., bad channels) as not acceptable to average, and/or of poor quality. Segments
that were not identified as bad channels can be averaged. If the channel has a predetermined amount (e.g., about 75%)
or more of the total segments unacceptable, then the channel can be declared a "bad channel" and would be removed
from the averaging process, resulting in zero averages for the iteration. The information about the segments’ quality can
be stored in memory.

[0043] At 525, a sensing zone can be selected (e.g., the zone selector 40 illustrated in FIG. 1). To select the sensing
zone, the zone selector can receive study data that identifies a subset of the detected channels which can be referred
to as sensing zone channels. In some examples, the sensing zone can be predefined based on a study identified in the
study data (e.g., an atrial study or a ventricle study). In other examples, the sensing zone channels can vary based on
the patient and/or a geometry of a sensor array (e.g., the sensor array 6 illustrated in FIG. 1). The zone selector can
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select a sensing zone corresponding to the sensing zone channels based on the study data. Data characterizing the
sensing zone channels in the sensing zone can be provided to a PCA function (e.g., the PCA function 42 illustrated in
FIG. 1).

[0044] At 530, the PCA can be performed (e.g., by the PCA function 42 of FIG. 1) such as to optimize performance
and increase accuracy. The PCA can be implemented on the sensing zone channels and bad channels in the zone can
be excluded. The PCA can provide a mechanism of identifying patterns in data of high dimensions and express that
data in a manner to emphasize the data’s similarities and differences. The PCA function could be useful, for example,
when measures on a number of observed variables were obtained and it was advantageous to develop a smaller number
of artificial variables that would account for most of the variance in the observed variables. The principal components
can be used as predictor or criterion variables in subsequent analyses. A principal component could be defined as a
linear combination of optimally-weighted observed variables.

[0045] The PCA at 530 can include calculating a covariance matrix, performing single value decomposition, forming
a feature vector, and then formulating the new data set. As an example, the analysis first calculates a covariance matrix.
The covariance is the measure of the strength of correlation between two or more signals with respect to each other.
The principal components of the signal can be computed by determining the eigenvectors and eigenvalues of the
covariance matrix by means of a single value decomposition. The first eigenvector shows the line of best fit while other
eigenvectors show less important trends.

[0046] FIG. 10 illustrates a graph 650 demonstrates where the first and second eigenvectors 652 and 654 are plotted
on a scatter plot of an example data set. The first eigenvector 652 can be varying from its direction based on the scattering
of the data when the data sets contain a large number of outliers. Referring back to FIG. 9, the PCA function can calculate
a virtual lead by multiplying the right singular vector by the ECG data.

[0047] The PCA function can produce an orthogonal representation of the original data in which the orthogonal di-
mensions can be sorted in a decreasing order of relevance. Each dimension can be obtained by a linear combination
ofthe original data. The so-called "first component" of the decomposition can be the dimension (e.g., the linear combination
of the original data) that carries the most information. As noted FIG. 10 illustrates an example of a graph 650 where the
PCA function could be employed. The graph 650 of the PCA function can include an example of a "first component" 652
that is illustrated as a vector.

[0048] Referring back to FIG. 9, applied to ECG data, the first component can be determined as the linear combination
that maximizes the amplitude of the signal. By way of example, let A be the matrix with the body surface ECGs. The
matrix A can be an NoxN; matrix where N, is the number of available channels, and N the number of samples in the
record. Let Tbe the template manually delineated on the body surface ECGs: Twas a sub-matrix of A of size NyxN,
where Nt is the number of samples of the template. The PCA can be estimated by employing Equations 3-4 which
employs a svd decomposition (singular value decomposition) of the matrix T that can be expressed as:

T=Usv’ Equation 2.

[0049] Then V,, the first column of V, is composed of the weight of the linear combination for the first component. The
projection T,, of the template T on the virtual lead is thus given by Equation 3:

Toa= 2 KT, |
=LA, Equation 3.
wherein:
T;is the i-th column of T (e.g., the ECG of the Template on channel #i). Tpp 44 is oOf size Ntx1.
[0050] The virtual lead for the entire record can be obtained by Equation 4:
’4/:'041 = Z l/1(/) ’4/
= Equation 4.
wherein:

A; is the i-th column of A (e.g., the ECG on channel #i). The size of Apc, 4 is Ngx1.
[0051] The results can provide an optimized template and a virtual lead ECG signal, each corresponding to a single
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channel. As noted, the graph 650 illustrated in FIG. 10 illustrates an example of Eigenvalues and eigenvectors 652 and
654.

[0052] Referring back to FIG. 9, at 540 cross correlation analysis of the acquired input signals can be performed (e.g.,
by the CC calculator 44 illustrated in FIG. 1). Cross correlation can be employed as a statistical method to determine
the strength of linear dependence between two signals, such as in this example between the optimized template signal
and the ECG virtual lead, which as explained herein can both be calculated from the PCA. The CC calculator can localize
the template T (Equations 2 and 3) in the signal A by computing the CC function between the template on the virtual
lead Tpcp1 and the ECG signal on the virtual lead Apg,y to provide a CC signal. The regions of interest (ROI) are set
at the maxima of the CC signal and extend the length of the template. For example, the correlation coefficients can
range from -1 to 1, with -1 representing the anti-correlation or a negative linear correlation, O representing no correlation,
and 1 representing perfect positive correlation. Positive correlation values can be evaluated by the CC calculator. The
correlation coefficient threshold can be set as a parameter that can be adjusted by the user via the GUI or automated
methods can be employed. As one example, the correlation coefficient threshold can be initially set to 0.93.

[0053] At 550, peak cross correlation coefficients can be detected (e.g., by the peak correlation coefficient detector
46 illustrated in FIG. 1). For example, once the correlation coefficients were calculated for the length of the virtual lead,
the peak correlation coefficient detector can determine locations of maximum correlation coefficients. To accomplish
this task, for instance, a smooth derivative can be computed for the correlation coefficient data, with the x-coordinates
representing the location in time that the event occurred and with the y-coordinates representing the correlation coeffi-
cients. The location in time where the derivative crosses zero (e.g., when polarity of the derivative changes) represents
a peak. A check can be performed for a crossing where the slope changes from positive to negative to preclude local
maxima. The peak values can be stored in memory as a potential starting array point, and/or "extraction points" for signal
averaging. Once this process is completed for the length of the virtual lead, the correlation coefficient values at these
potential locations can be compared to a user defined (programmable) correlation threshold. As an example, the threshold
can be set at 0.90.

[0054] At 560, an amplitude comparison can be implemented (e.g., by the amplitude comparator 48 illustrated in FIG.
1). The amplitude comparison can compare the amplitude of each determined ROl relative to the PCA optimized template
signal. The amplitude comparison can calculate an error between the template and the virtual lead ROI for each extraction
point. A unique Gaussian (or other) curve fitting technique can be employed to fit the distribution of the error values. If
a single curve was detected, the error limit can be determined by adding 2.5 times the standard deviation to the peak
value. If more than one curve is detected, the amplitude comparator can calculate the intersection point between the
Gaussian curves. If this intersection point is determined to be of a size great enough to demonstrate a difference in
morphology between signals, the amplitude comparator can calculate the error limit from this point between the curves.
However, if the curves are within a small range of each other, the amplitude comparator can treat the curves as one
curve and the method for a determining the error limit from a single curve can be applied. The ROIs can be compared
to the calculated error limit and removed if outside the error range.

[0055] At 570, the ROI can be averaged (e.g., by the segment averaging function 50 illustrated in FIG. 1) to produce
averaged data (e.g., the averaged data 32 illustrated in FIG. 1). By way of example, since the bad channel detection
can remove certain channels and provide a method for discriminating against poor signal quality regions within the
signal, each channel can result in a different number of averages per iteration. Given this, a variable can be passed as
one of the output parameters that tracks the cumulative sum of the averages on each channel. The sum of the segments
averaged per channel can be used for consecutive iterations of signal averaging.

[0056] As an output from the bad channel detection (at 520), a decision variable that represents information as to the
acceptability of the sub-regions within the iteration can be provided. Each extraction point can correspond to a time
referenced location that can be compared to the respective decision variable that represented the location (e.g., a time-
referenced location) within the full signal to determine if the region is acceptable. Once the extraction points had been
deemed adequate for averaging, the segment averaging function at 570 can ensemble average a region, starting with
the extraction point and extending the length of the template. The averaging process can be carried out for all ROls
specific to that channel. For instance, each channel may have different ROls that are to be averaged by the averaging
function 570. The segment averaging thus can be implemented for each channel individually. During this process, the
DC offset can also be removed, thereby making the noise zero-mean. Due to the differing number of averages per
channel, the mean value of the number of segments averaged per channel corresponds to the overall output for the
number of segments averaged to the user.

[0057] In the foregoing example, it was assumed that the P-waves and T-waves of the signal to be averaged would
be significantly different from one another. However, if there is a case where the P-waves and T-waves become similar
in amplitude and duration, the amplitude comparison method was designed to limit the number of false detections. In
such a situation, the amplitude comparator can generate a distribution based on the difference between each ROl and
the template signal. The distribution can reveal that there could be two or more Gaussian curves fitted. Each curve would
represent a region of specific error related a different waveform. If the regions, or curves, are within a predetermined
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value of (e.g., about 2.5) standard deviations, then the error difference can be considered too small and all of the ROIs
are selected for averaging. However, if the curves are greater than the predetermined standard deviations, the ROls
that have an error less than the intersecting point between the curves are selected for averaging. The amplitude com-
parator can include error comparison that can prevent the number of false detections by comparing the amplitude of the
ROIs to be averaged.

[0058] This amplitude comparison at 560 thus allows for an automated method that can create distributions and
determine an upper limit to differentiate signal morphologies. Additionally, the amplitude comparison can be programmed
as to be used only if the previous averaging criteria (e.g., for a preceding cycle) were met.

[0059] At590, map data can be generated based on the averaged data provided at 570 (e.g., by the mapping system
54 of FIG. 1). For example, an inverse method can be performed on the averaged data generate electrophysiological
data by combining body surface electrical measurements with patient geometry information through an inverse method
programmed to reconstruct the electrical activity for a predetermined surface region of the patient’s region of interest
(e.g., heart or brain). For example, the map can represent electrical activity for each of a plurality of points on a cardiac
envelope (e.g., in the form of potential and isochrone maps) concurrently as a function of time, such as an epicardial
surface, endocardial surface or other envelope. Examples of inverse algorithms that can be utilized in the system 10
are disclosed in U.S. Patent Nos. 7,983,743 and 6,772,004. The output maps can be displayed to the user via the GUI
(e.g., the GUI 26 illustrated in FIG. 1).

[0060] Employment of the methods and systems here can provide relatively accurate results. By way of example, to
measure the accuracy of detection, ten signals of 75,000 data points over 256 channels were used from the data cases.
For each signal, a P-wave template can be chosen and the template was signal averaged. The output plots showed the
locations where the template was detected on a specified channel. For instance, in the referenced test scenario, since
the maximum number of segments was defined at 250 averaged, to detect a 3V signal greater than 75% of the time,
the noise level can be below 20wV. If the noise level is below 151V, the 3wV signal can be detected 89% of the time
and if the noise level is below 10wV the signal can be detected 98% of the time with 250 averages. An example of the
results, demonstrating statistical analysis of probability to detect an event, are shown in Table 1.

10
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[0061] FIGS. 11 and 12 illustrate the P-wave accuracy results 700 and 750. It can be seen for these two examples
700 and 750 that the P-wave template was detected. FIG. 11 illustrates an example 700 of a P-wave accuracy test
results, wherein dots 702 mark where a template was detected. FIG. 12 illustrates an example of another P-wave
accuracy test results 750, wherein dots 752 mark where a template was detected. Some results demonstrated that T-
waves were detected as P-waves when the T-wave was similar in amplitude and duration as the P-wave which was
against the assumptions. The averaging method employed herein can demonstrate about 99.873% accuracy or greater.
[0062] FIG. 13 illustrates an example graph 800 demonstrating a first case example template 802 relative an averaged
signal 804. FIG. 14 illustrates an example 850 of composite plot (for the first case) of all regions of interest detected to
be averaged with DC offset removed. FIG. 15 illustrates an example 900 of the first case template 902 and an averaged
signal 904 comparison. FIG. 16 illustrates an example 950 of a second case template 952 versus an averaged signal
954 comparison. FIG. 17 illustrates an example 1000 of a composite plot of all regions of interest detected to be averaged
for the second case. FIG. 18 illustrates an example 1050 of the second case template 1052 and an averaged signal
comparison 1054. FIG. 19 illustrates an example 1100 of a third case template 1102 versus averaged signal 1104
comparison. FIG. 20 illustrates an example 1150 of a composite plot of all regions of interest detected to be averaged
for the third case. FIG. 21 illustrates an example 1200 of template signal 1202 and an averaged signal 1204 comparison
for the third case.

[0063] FIG. 22 illustrates an example screen 1250 depicting a GUI that can be utilized to show signal averaging results
for a given channel from a sample test case. The signal averaging systems and methods disclosed herein mitigate
reduce the effects of uncorrelated noise within the frequency spectrum of an ECG signal and detect low voltage signals.
These systems and methods can allow for further analysis using an analysis system such as an ECGI system or other
system configured to analyze detected biological signals.

[0064] In view of the foregoing, in addition to improving signal quality, the methods described herein have the unique
advantage of accentuating and bringing out small, but highly key signals that are of diagnosticimportance. Some examples
of clinical applications that can capitalize on this approach are the following: potential-based electrocardiography cal-
culations and detection of pulmonary vein reconnection.

[0065] Additionally, the signal averaging systems and methods disclosed herein can be combined with other analysis
and signal processing techniques such as the following: automated detection of poor signal quality regions and channels,
aprincipal component analysis, and a Gaussian curve fitting amplitude detection. The algorithm can employ the calculated
signal quality information to prevent averaging of poor signal quality regions. The various features of the algorithm allow
for template detection within signals with complex morphological features and cycle lengths as well as prevent false
detections, which makes the method unique. The algorithm’s results demonstrated that it has the capability to remove
uncorrelated noise from a template signal as well as detect low voltage signals (as low as 3uV). Overall, the advanced
signal averaging can produce high quality signals to aid in innovative diagnostic techniques.

[0066] By way of example, since the demonstration that pulmonary vein (PV) ectopic activity is a main trigger of
paroxysmal atrial fibrillation (AF), radiofrequency ablation (RF) of this arrhythmia has become an increasingly popular
procedure in many electrophysiology laboratories. Traditionally, RF-based PVI uses a’point-by-point’ ablation technique,
which makes it difficult to create continuous ablation lines and allows conduction gaps to develop which may facilitate
recurrence of the arrhythmia. Either by the reduction in swelling or incomplete ablation procedures, the possibility of
electrical channels reforming post-ablation impede the success of the procedure. The goal is to be able to use noninvasive
electrocardiographic mapping (ECM) to identify pulmonary vein reconnection as a tool for predicting recurrence of atrial
fibrillation (AF) after pulmonary vein isolation.

[0067] It can be demonstrated that the p-wave duration and area under the curve (AUC) decrease in patients post
PVI whereas patients with reconnected PVs exhibit increased p-wave durations and AUC. Methods to investigate the
electrograms near the PVs and carina of ipsalateral veins pre and post procedure would need to detect signals of
amplitude near 2-4.V. Given that the tissue has been ablated and is scarred, detection of these low voltage signals
would be difficult when the acquisition noise levels are high (e.g., noise levels 2-5 times the amplitude of the signal).
The proposed signal averaging system and method can be used for post-acquisition signal processing, to improve signal
quality and allow for the detection of these low voltage signals.

[0068] Asdisclosed herein, the method can include a template detection process that is not dependent on pre-specified
complex intervals and complex amplitudes assuming that the cycle lengths would remain constant during the detection
process. The approach herein can employ an efficient comparison method to ensure that the detected regions are within
the detection specification. The method can also utilize a signal averaging technique which can discriminate regions of
poor signal quality and can efficiently average signals over multiple channels. The system and method provides a time-
shifted cross correlation detection with the signal averaging process.

[0069] The proposed systems and methods thus can accurately detect a template signal within a large data set that
can have multiple channels and improve the signal strength of the template (e.g., improves the signal-to-noise ratio gain
by the square root of the number of measurements) by averaging the detected regions of the signal for each input channel.
[0070] FIG. 23 illustrates another flowchart of an example method 1400 that can be implemented for averaging signals
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(e.g., biological electrical signals). The method 1400 can be implemented, for example by the system 2 illustrated in
FIG. 1. At 1410, PCA can be performed (e.g., by the PCA function 42 illustrated in FIG. 1) on data corresponding to a
subset of a plurality of signals and a selected template to generate a virtual lead and an optimized template, wherein
each of the plurality of signals corresponds to an electrical biological signal detected by a sensor. At 1420 a cross
correlation on the virtual lead and the optimized template can be calculated to determine a strength of linear dependence
between the virtual lead and the optimized template to determine ROIs of the virtual lead. At 1430, peak correlation
coefficients in the virtual lead can be detected (e.g., by the peak correlation coefficient detector 46 illustrated in FIG. 1).
At 1440, the amplitude of each of the ROIs of the virtual lead can be compared (e.g., by the amplitude comparator 48
illustrated in FIG. 1) with the selected template to determine an error between the template and each ROI of the virtual
lead. At 1450, the ROIs can be averaged (e.g., by the segment averaging function 50 illustrated in FIG. 1) to generate
averaged data.

[0071] FIG. 24 illustrates another example of a system 1500 for averaging a signal. The system can comprise a memory
1502 for storing machine readable instructions and a processing unit 1504 (e.g., a processor core) to access the memory
and execute the machine readable instructions. The machine readable instructions can comprise a signal averager 1506
configured to detect regions of poor signal quality for each of a plurality of signals, wherein each of the plurality of signals
corresponds to a biological signal (e.g., acquired concurrently from a surface of patient’s body). The signal averager
1506 can also be configured to determine which of the plurality of signals is associated with a bad channel based on
the detected regions of poor signal quality. The signal averager can further be configured to provide averaged data
corresponding to an average of regions of interest (ROIs) that are determined based on a strength of linear dependence
between a virtual lead and an optimized template, wherein the virtual lead and the optimized template are based on the
plurality of signals that are not associated with the bad channel and based on a selected template.

[0072] What have been described above are examples. It is, of course, not possible to describe every conceivable
combination of components or methodologies, but one of ordinary skill in the art will recognize that many further com-
binations and permutations are possible. Accordingly, the invention is defined by the scope of the appended claims.
[0073] As used herein, the term "includes" means includes but not limited to, the term "including" means including but
not limited to. The term "based on" means based at least in part on. Additionally, where the disclosure or claims recite
"a," "an," "a first," or "another" element, or the equivalent thereof, it should be interpreted to include one or more than
one such element, neither requiring nor excluding two or more such elements.

Claims
1. A method (1400) comprising:

performing (1410) principal component analysis, PCA, on data corresponding to a subset of a plurality of elec-
trocardiogram, ECG, signals measured from a surface of a patient’s body to generate a virtual lead;
performing (1410) the PCA on the data from a selected template region to derive an optimized template;
calculating (1420) a cross correlation on the virtual lead and the optimized template to determine a strength of
linear dependence between the virtual lead and the optimized template to determine regions of interest, ROls,
of the virtual lead;

detecting (1430) maximum correlation coefficients in the ROIs of the virtual lead; and

averaging (1450) the ROls to generate averaged data for the plurality of signals,

wherein the method (1400) is performed by at least one processing unit (1504).
2. The method (1400) of claim 1, further comprising:
detecting (520) regions of poor signal quality for each of the plurality of signals; and
determining (525) which of the plurality of signals is associated with a bad channel based on the detected

regions of poor signal quality, each of the bad channels being excluded from the PCA.

3. The method (1400) of claim 1, further comprising mapping (590) the averaged data to a surface of an organ using
an inverse algorithm to generate mapped averaged data.

4. The method (1400) of claim 3, further comprising generating (150) one of potential and isochrone maps based on
the mapped averaged data.

5. The method (1400) of claim 1, wherein the plurality of signals comprises at least 200 signals acquired (110) con-
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currently from different locations on the surface of the patient’s body, the averaged data including signal averaged
data computed for a subset of the at least 200 signals.

The method (1400) of claim 5, wherein each of the plurality of signals represents an ECG signal.
The method (1400) of claim 5, wherein the template defines a P wave.
The method of claim 1, wherein the plurality of signals is acquired either non-invasively or invasively from the patient.

The method of claim 1, wherein the averaging (1450) of the ROls further comprises comparing the amplitude of
each of the ROls of the virtual lead with the optimized template to determine an error between the optimized template
and each ROI of the virtual lead to determine a time location to perform the averaging.

The method of claim 1, wherein the PCA is performed on data corresponding to a sensing zone that comprises a
proper subset of the plurality of signals, the averaging being performed on the proper subset of the plurality of signals.

The method of claim 1, further comprising detecting and removing correlated noise from the subset of the plurality
of signals.

A non-transitory machine readable medium (1502) storing machine readable instructions executable by at least one
processing unit (1504), wherein the machine readable instructions comprise:

instructions to perform principal component analysis, PCA, on data corresponding to a subset of a plurality of
electrocardiogram signals, ECG, measured from a surface of a patient’'s body to generate a virtual lead;
instructions to perform the PCA on the data from a selected template region to derive an optimized template;
instructions to calculate a cross correlation on the virtual lead and the optimized template to determine a strength
of linear dependence between the virtual lead and the optimized template to determine regions of interest, ROls,
of the virtual lead;

instructions to detect maximum correlation coefficients in the ROls of the virtual lead; and

instructions to average the ROls to generate averaged data for the plurality of signals.

The non-transitory machine readable medium (1502) of claim 12, wherein the machine readable instructions further
comprise instructions to select a sensing zone comprising a proper subset of the biological signals, wherein the
instructions to perform the PCA are configured to perform the PCA on the sensing zone.

The non-transitory machine readable medium (1502) of claim 12, wherein the machine readable instructions further
comprise instructions for bad channel detection configured to:

detect regions of poor signal quality for each of the plurality of biological signals; and
determine which of the plurality of biological signals is associated with a bad channel based on the detected
regions of poor signal quality, each bad channel being identified for exclusion from a PCA function (42).

The non-transitory machine readable medium (1502) of claim 12, wherein the machine readable instructions further
comprise mapping instructions comprising:

reconstruction instructions configured to convert the averaged data to corresponding reconstructed electrical
activity of an organ of a patient using an inverse algorithm; and

map generating instructions configured to produce map data based on the reconstructed electrical activity of
the organ of the patient.

Patentanspriiche

1.

Verfahren (1400), umfassend:
Durchfiihren (1410) einer Hauptkomponentenanalyse, PCA, mit Daten entsprechend einer Teilmenge einer

Vielzahl von Elektrokardiogrammsignalen, EKG-Signalen, die von einer Oberflache eines Patienten-Korpers
gemessen wurden, um eine virtuelle Leitung zu erzeugen,;
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Durchfiihren (1410) der PCA mit den Daten aus einer ausgewahlten Vorlagenregion, um eine optimierte Vorlage
abzuleiten;

Berechnen (1420) eine Kreuzkorrelation mit der virtuellen Leitung und der optimierten Vorlage zur Bestimmung
einer Starke von linearer Abhangigkeit zwischen der virtuellen Leitung und der optimierten Vorlage zur Bestim-
mung von Regionen von Interesse, ROIs, der virtuellen Leitung;

Erfassen (1430) maximaler Korrelationskoeffizienten in den ROls der virtuellen Leitung; und Mitteln (1450) der
ROIs, um gemittelte Daten fiir die Vielzahl von Signalen zu erzeugen, wobei das Verfahren (1400) von min-
destens einer Verarbeitungseinheit (1504) durchgefiihrt wird.

Verfahren (1400) nach Anspruch 1, ferner umfassend:

Erfassen (520) von Regionen schlechter Signalqualitat fiir jedes der Vielzahl von Signalen; und Bestimmen (525),
welches der Vielzahl von Signalen einem schlechten Kanal zugeordnet ist, basierend auf den erfassten Regionen
schlechter Signalqualitat, wobei jeder der schlechten Kanale von der PCA ausgeschlossen wird.

Verfahren (1400) nach Anspruch 1, ferner umfassend das Abbilden (590) der gemittelten Daten auf eine Oberflache
eines Organs unter Verwendung eines inversen Algorithmus, um abgebildete gemittelte Daten zu erzeugen.

Verfahren (1400) nach Anspruch 1, ferner umfassend das Erzeugen (150) eines von potentiellen und isochronen
Abbildungen basierend auf den abgebildeten gemittelten Daten.

Verfahren (1400) nach Anspruch 1, wobei die Vielzahl von Signalen mindestens 200 Signale umfasst, die gleichzeitig
von verschiedenen Stellen auf der Oberflache des Korpers des Patienten erfasst (110) werden, wobei die gemittelten
Daten signalgemittelte Daten einschlief3en, die fiir eine Teilmenge der mindestens 200 Signale berechnet wurden.

Verfahren (1400) nach Anspruch 5, wobei jedes der Vielzahl von Signalen ein EKG-Signal darstellt.
Verfahren (1400) nach Anspruch 5, wobei die Vorlage eine P-Welle definiert.

Verfahren nach Anspruch 1, wobei die Vielzahl von Signalen entweder nichtinvasiv oder invasiv von dem Patienten
erfasst wird.

Verfahren nach Anspruch 1, wobei die Mittelung (1450) der ROls ferner das Vergleichen der Amplitude jeder der
ROls der virtuellen Leitung mit der optimierten Vorlage umfasst, um einen Fehler zwischen der optimierten Vorlage
und jeder ROI der virtuellen Leitung zu bestimmen, um einen Zeitort zum Durchfiihren der Mittelung zu bestimmen.

Verfahren nach Anspruch 1, wobei die PCA mit Daten durchgefiihrt wird, die einer Abtastzone entsprechen, die
eine passende Teilmenge der Vielzahl von Signalen umfasst, wobei die Mittelung mit der passenden Teilmenge
der Vielzahl von Signalen durchgefiihrt wird.

Verfahren nach Anspruch 1, ferner umfassend das Erfassen und Entfernen von korrelietem Rauschen aus der
Teilmenge der Vielzahl von Signalen.

Nichttransitorisches, maschinenlesbares Medium (1502), das maschinenlesbare Anweisungen speichert, die durch
mindestens eine Verarbeitungseinheit (1504 ) ausfihrbar sind, wobei die maschinenlesbaren Anweisungen umfas-
sen:

Anweisungen zum Durchfiihren der Hauptkomponentenanalyse, PCA, mit Daten, die einer Teilmenge einer
Vielzahl von Elektrokardiogrammsignalen, EKG-Signalen, entsprechen, die von einer Oberflaiche des Korpers
eines Patienten gemessen wurden, um eine virtuelle Leitung zu erzeugen;

Anweisungen zum Durchfiihren der PCA mit den Daten aus einer ausgewahlten Vorlagenregion, um eine
optimierte Vorlage abzuleiten;

Anweisungen zum Berechnen einer Kreuzkorrelation auf der virtuellen Leitung und der optimierten Vorlage
zum Bestimmen einer Starke von linearer Abhangigkeit zwischen der virtuellen Leitung und der optimierten
Vorlage, um Regionen von Interesse, ROIs, der virtuellen Leitung zu bestimmen;

Anweisungen zum Erfassen der maximalen Korrelationskoeffizienten in den ROIs der virtuellen Leitung; und
und Anweisungen zum Mitteln der ROls, um gemittelte Daten fiir die Vielzahl von Signalen zu erzeugen.

Nichttransitorisches, maschinenlesbares Medium (1502) nach Anspruch 12, wobei die maschinenlesbaren Anwei-
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sungen ferner Anweisungen zur Auswahl einer Abtastzone umfassen, die eine passende Teilmenge der biologischen
Signale umfasst, wobei die Anweisungen zum Ausfihren der PCA konfiguriert sind, um die PCA in der Abtastzone
durchzufuhren.

Nichttransitorisches, maschinenlesbares Medium (1502) nach Anspruch 12, wobei die maschinenlesbaren Anwei-
sungen ferner Anweisungen zum Nachweis schlechter Kandle umfassen, die konfiguriert sind zum:

Erfassen von Regionen schlechter Signalqualitat fiir jedes der Vielzahl von biologischen Signalen; und Bestimmen,
welches der Vielzahl von biologischen Signalen einem schlechten Kanal zugeordnet ist, basierend auf den nach-
gewiesenen Regionen schlechter Signalqualitat, wobei jeder schlechte Kanal zum Ausschluss aus einer PCA-
Funktion (42) identifiziert wird.

Nichttransitorisches, maschinenlesbares Medium (1502) nach Anspruch 12, wobei die maschinenlesbaren Anwei-
sungen ferner Abbildungsanweisungen umfassen, umfassend:

Rekonstruktionsanweisungen, die konfiguriert sind, um die gemittelten Daten in die entsprechende rekonstru-
ierte elektrische Aktivitdt eines Organs eines Patienten unter Verwendung eines inversen Algorithmus umzu-
wandeln; und

Abbildungserstellungsanweisungen, die konfiguriert sind, um Abbildungsdaten basierend auf der rekonstruier-
ten elektrischen Aktivitdt des Organs des Patienten zu erzeugen.

Revendications

1.

Procédé (1400) comprenant :

la mise en ceuvre (1410) d’'une analyse en composantes principales, PCA, sur des données correspondant a
un sous-ensemble d’'une pluralité de signaux d’électrocardiogramme, ECG, mesurés a partir d’'une surface du
corps d’un patient pour générer une entrée virtuelle ;

la mise en ceuvre (1410) de la PCA sur les données provenant d’'une région modele sélectionnée pour dériver
un modéle optimisé ;

le calcul (1420) d’'une corrélation croisée sur I'entrée virtuelle etle modéle optimisé pour déterminer une intensité
de dépendance linéaire entre I'entrée virtuelle et le modéle optimisé pour déterminer des régions d’intérét, ROI,
de I'entrée virtuelle ;

la détection (1430) de coefficients maximaux de corrélation dans les ROl de I'entrée virtuelle ; et le moyennage
(1450) des ROI pour générer des données moyennées pour la pluralité de signaux, dans lequel le procédé
(1400) est mis en ceuvre par au moins une unité de traitement (1504).

Procédé (1400) selon la revendication 1, comprenant en outre :

la détection (520) de régions de mauvaise qualité de signal pour chacun parmi la pluralité de signaux ; et la déter-
mination (525) de celui parmi la pluralité de signaux qui est associé a un mauvais canal sur la base des régions
détectées de mauvaise qualité de signal, chacun des mauvais canaux étant exclu de la PCA.

Procédé (1400) selon la revendication 1, comprenant en outre la cartographie (590) des données moyennées sur
une surface d’'un organe en utilisant un algorithme inverse pour générer des données moyennées cartographiées.

Procédé (1400) selon la revendication 3, comprenant en outre la génération (150) d’'une parmi des cartes potentielle
et isochrone sur la base des données moyennées cartographiées.

Procédé (1400) selon la revendication 1, dans lequel la pluralité de signaux comprend au moins 200 signaux acquis
(110) simultanément a partir d’emplacements différents sur la surface du corps du patient, les données moyennées
incluant des données moyennées de signal calculées pour un sous-ensemble des au moins 200 signaux.

Procédé (1400) selon la revendication 5, dans lequel chacun parmi la pluralité de signaux représente un signal ECG.

Procédé (1400) selon la revendication 5, dans lequel le modéle définit une onde P.

Procédé selon la revendication 1, dans lequel la pluralité de signaux est acquise de maniére soit non invasive soit
invasive aupres du patient.
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Procédé selon la revendication 1, dans lequel le moyennage (1450) des ROI comprend en outre la comparaison
de I'amplitude de chacune des ROI de I'entrée virtuelle avec le modéle optimisé pour déterminer une erreur entre
le modele optimisé et chaque ROI de I'entrée virtuelle pour déterminer une position temporelle pour mettre en ceuvre
le moyennage.

Procédé selon la revendication 1, dans lequel la PCA est mise en ceuvre sur des données correspondant a une
zone de détection qui comprend un sous-ensemble adéquat de la pluralité de signaux, le moyennage étant mis en
ceuvre sur le sous-ensemble adéquat de la pluralité de signaux.

Procédé selon larevendication 1, comprenant en outre la détection et I'élimination du bruit corrélé du sous-ensemble
de la pluralité de signaux.

Support non transitoire lisible par machine (1502) stockant des instructions lisibles par machine exécutables par
au moins une unité de traitement (1504), dans lequel les instructions lisibles par machine comprennent :

des instructions pour mettre en ceuvre une analyse en composantes principales, PCA, sur des données cor-
respondant a un sous-ensemble d’une pluralité de signaux d’électrocardiogramme, ECG, mesurés a partir d’'une
surface du corps d’un patient pour générer une entrée virtuelle ;

des instructions pour mettre en ceuvre la PCA sur les données provenant d’une région modele sélectionnée
pour dériver un modéle optimisé ;

des instructions pour calculer une corrélation croisée sur I'entrée virtuelle et le modéle optimisé pour déterminer
une intensité de dépendance linéaire entre I'entrée virtuelle et le modéle optimisé pour déterminer des régions
d’intérét, ROI, de I'entrée virtuelle ;

des instructions pour détecter des coefficients maximaux de corrélation dans les ROI de I'entrée virtuelle ; et
des instructions pour moyenner les ROI pour générer des données moyennées pour la pluralité de signaux.

Support non transitoire lisible par machine (1502) selon la revendication 12, dans lequel les instructions lisibles par
machine comprennent en outre des instructions pour sélectionner une zone de détection comprenant un sous-
ensemble adéquat des signaux biologiques, dans lequel les instructions pour mettre en ceuvre la PCA sont confi-
gurées pour mettre en ceuvre la PCA sur la zone de détection.

Support non transitoire lisible par machine (1502) selon la revendication 12, dans lequel les instructions lisibles par
machine comprennent en outre des instructions pour la détection de mauvais canal configurées pour :

détecter des régions de mauvaise qualité de signal pour chacun parmi la pluralité de signaux biologiques ; et
déterminer celui parmi la pluralité de signaux biologiques qui est associé a un mauvais canal sur la base des
régions détectées de mauvaise qualité de signal, chaque mauvais canal étant identifié pour étre exclu d’'une
fonction PCA (42).

Support non transitoire lisible par machine (1502) selon la revendication 12, dans lequel les instructions lisibles par
machine comprennent en outre des instructions de cartographie comprenant :

des instructions de reconstruction configurées pour convertir les données moyennées en activité électrique
reconstruite correspondante d’un organe d’un patient en utilisant un algorithme inverse ; et

des instructions de génération de carte configurées pour produire des données cartographiques sur la base de
I'activité électrique reconstruite de I'organe du patient.
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