US 20120071730A1

a9 United States

12y Patent Application Publication

(10) Pub. No.: US 2012/0071730 A1

Romero (43) Pub. Date: Mar. 22, 2012
(54) ADAPTIVE PROCESSING OF AMBULATORY AG6IB 5/11 (2006.01)
ELECTROCARDIOGRAM SIGNALS A6IB 6/00 (2006.01)
A61B 5/00 (2006.01)
(75) Inventor: Inaki Romero, Eindhoven (NL) A61B 5/01 (2006.01)
(73) Assignee: Stichting IMEC Nederland, (52) US.Cl .o 600/301; 600/509; 600/518
Eindhoven (NL)
67 ABSTRACT
(21) Appl. No.: 13/234,401 . . .
Disclosed are methods and systems for adaptive processing of
(22) Filed: Sep. 16,2011 ambulatory electrocardiogram signals. In one embodiment,
the method comprises acquiring a plurality of electrocardio-
Related U.S. Application Data gram (ECQG) signals and transforming the ECG signals to a
. L component space, thereby producing a set of components
(60)  Provisional application No. 61/384,012, filed on Sep. representing the ECG signals in the component space. The
17, 2010, provisional application No. 61/426,686, method further includes evaluating the set of components,
filed on Dec. 23, 2010. adaptively selecting from the set of components a subset of
L . . components, and processing the subset of components to
Publication Classification identify at least one property of the ECG signals. In some
(51) Int.CL embodiments, the method further includes acquiring non-
A61B 5/0452 (2006.01) ECG signals, and adaptively selecting the subset of compo-
A61B 5/053 (2006.01) nents comprises adaptively selecting the subset of compo-
A6IB 5/046 (2006.01) nents based on at least the non-ECG signals.

30—

Multichannel

|32
ECG

PCA /ICA

PC / IC selection - 36

Beat Detection

38




Patent Application Publication = Mar. 22, 2012 Sheet 1 of 13 US 2012/0071730 A1l

o i 3 Y B¢ T i 59 1y

) B ) o oy % Exl 3 R W )




Patent Application Publication

%

Mar. 22, 2012 Sheet 2 of 13 US 2012/0071730 A1

100 presrmrmee—
N.Na\g
95 B \°\’
‘\‘\0
\0
oo} ™,
\0
\‘
\\.
85} s,
\'
\‘
\9
80} AN
> 24
\\/
75t ,
\f
‘6
\‘
L AN
70 ",
\0
\v‘
65 Il L 1 J
10 5 0 5 10
SNR
Fig.2
30 —_— Multichannel | 32
ECG
PCA/ICA | 34

JL

PC / 1C selection j

J4 L

Beat Detection

Fig.3



Patent Application Publication

Mar. 22,2012 Sheet 3 of 13

US 2012/0071730 A1

a2

& 3 g

£ il um-\%f LA Ee Koo, & o

¥ §
W3 : ! ] g L ] $ ] :
{8 1 2 3 & g & 7 8 g 0

BN
& ¥ ¥ 4 H
1t

At {mv)

._~"§‘ : H I3 b3 i H
& 1 P & ] & & 7 g p 10
E
& t t b ; ¥ H
H
; {
N
¥ R
R N &
BOINLY of B
R GAN I
K/
§x’
H fom ;

T (5)

Fig.4



Patent Application Publication = Mar. 22, 2012 Sheet 4 of 13 US 2012/0071730 A1l

'52

3§
¢

: "

WA WA iy P A i P P
- 4 m:w § ? g 8 %

3 t 1 2 3 4 § 6 7 8 § W oyt s s w»

8 channel ECG + Noise (-5dB) ™ principal Components ™ Filtered ECG

Fig.5



US 2012/0071730 A1

Mar. 22, 2012 Sheet 5 of 13

Patent Application Publication

uausduwo] jediouiig

-14¢

-8

SNR (dB)

N
M~

(=2 v+
o g
[ B,

[ i
[N ™
[ =]

ATET W TTET VY

Yy
e

uo

1B}

2
1

Fa

0
0

F3

-8 10

-B

-2 -4

Q
SNR {dB}

Fig.7

i0



Patent Application Publication

Mar. 22,2012 Sheet 6 of 13

US 2012/0071730 A1

84\

SNR Improvement (dB}

SNR (d8)

Fig.8

Correlation Coeficient

'3_,'3 Y T LI T

4 R S
SNR (dB)

Fig.9




Patent Application Publication

US 2012/0071730 A1

Mar. 22, 2012 Sheet 7 of 13

Correlation Coeflicient

4 3 2 1 6 4 -2 23435467 -8 90

SMR{dB}

Fig.10

"—/114

SNR bnprovement {dB)
[a]

b3

SNR {dB)

Fig. 11



Patent Application Publication = Mar. 22, 2012 Sheet 8 of 13 US 2012/0071730 A1l

Multichannel Component
ECG_| Comp_1 Comp_i1 ECG_|
ECG 2 Comp 2 Comp_i2 ECG_2
ECG 3 Comp_3 , ECG_3
) FoANCA Companent Comp_iP | werss -
roduntion — framsformy
. S120 | ™ 124 126 .
ECG N Comp N ECG_N
' 122
/ r \ 128
SNR
Hear Rate
Adapt
ECG-related ¥ Time
Window
Accelerometers
Bioimpedance
nenECG-related 123 Flg. 12

Reference signals



ECG_|
ECG 2

ECG N

Referance
Signals

Patent Application Publication

130

2

Comp_1
Comp_2
Comp_3

Comp_N

132

134

Corponen
reduntinn

Mar. 22,2012 Sheet 9 of 13

Comp_i1
Comp_i2

Comp_iP

Fig.13

US 2012/0071730 A1

136

=)

Invarss
fransfom

138

ECG_|
ECG_2
ECG_3

ECG_N




Patent Application Publication = Mar. 22, 2012 Sheet 10 of 13 US 2012/0071730 A1l

SHNR Improvement {dB)

Eso]

193

SNR {d8)

Fig. 14



Patent Application Publication

ECG_|
ECG_2

ECG_N

Reference
Signals

ECG_|
ECG_2

ECG_N

Referance
Signals

Mar. 22,2012 Sheet 11 of 13

150 Select 156
{: om @___1 CINTINGRNT
- Comp 2 ‘ Comp_3
FCAICA |-
152 ™ 154
“ Comp_N
Fig.15
160 166
Comp_1
- Comp_2 ‘ Comp_x
Comp_3

POMITA

f
162 HComp x

!

Cam p_N

Selent

EomponE

N 164

Fig. 16

US 2012/0071730 A1

158

=)

instantaneocus
Heart rale

Qetenton

168

Atrial
fiprittation

=)

A detectinn
alpavithn




Patent Application Publication = Mar. 22, 2012 Sheet 12 of 13 US 2012/0071730 A1l

100

Positive Predictivity (%)
N ~l ~l 0] (0.¢] [{e] ©
(4} o (6)] o (é)] o (6)]

(o2}
o
1

9]
6]
T

a
()

0
SNR (dB)
Fig.17



Patent Application Publication

Mar. 22,2012 Sheet 13 of 13

US 2012/0071730 A1

s ) .
- a%«mfwmeﬁmewAmwﬂw ey e et { oS UM AU SOV S SO ..fE
B ¥ 3 ey i ry 3 ry 3 s ] g ] 3 ¥ T N
HM‘\MLMWM«HMMLJ S o 3 P I Ventricul
i 4 N e S “u ¥ £l 5 ¥ E " ¥ & aniricular
N za. I - »L' P D IR Y E[ - ;{ " £ o, & & P { ,&‘gﬁvﬁy
g T 4 s B 3 4 ¥ ¥ ¥ g ’
b Q}' ‘“”‘WMW»WW“TW"“W?W'% S % e b A & il 186
'}: 3 T g £y ] § ¥ 8’ & § [ N Sl
) &t - ] N
% ot # $ ¥ ¥ freg ¥ { I ﬁemw;mwwa@my\wwmmmw{ | Amial
SN R N M N A S S o ¥ % [ % ¥ N
L i ————————— ,?w«w%*m%ww&\w‘wmwmm g L Activity
F i g 3 WY FUTR TR ¥ E . 184
B ﬁk%\ i \a—wi- i T & 4 ?'ﬂ‘rf Yy . e Pt b e
b o A Al s v A TN *‘V‘“*M*{
z 8 X 3 g £ T ¥ ¥ EG ey 3 3 ) ; - [] 3
3 h A
. i i i Q82 - - e c
¥ ’*f’i ""?. T i ¥ F T } = ﬂgM&»WwMM&« Sy e oo Pty
i i ] i 3 3 F r ¥ &
B
& {i}-«}* WWM“WMW%W“%«WM - s; e P yu
i3 Al TN fid ka ]
TR FOOUNR sz) ¥ £ ¥ ) 3 ¥ ¥ ¥ Naoi
a1 %
® }w{mm.mm@ ww@mwhm;w%@{ - B ; o Qise
¥ Dpkenigen iy e s
8 ? = * 4 L] ¥ & é T ] 5 ] ¥ ¥ ¥ ;;
S EIET
g BE-&‘-“ S P A - wﬁmwlrmm——!—k«-&u-% - PO ; . 3 182
k] 3 2 & 3 & - ~ — e % : —t bt —
3 ] B ¥ 3§ ] [] ¥ e
[ G}»&'MM»M« IV P T P T MM% . x%".l.% " & " Y i
. ) ) B y i A R
e RN I JUN SR I B % $ + Y $
T s ey & ? B

Fig.18



US 2012/0071730 Al

ADAPTIVE PROCESSING OF AMBULATORY
ELECTROCARDIOGRAM SIGNALS

CROSS-REFERENCE TO RELATED
APPLICATIONS

[0001] This application is a non-provisional of U.S. Provi-
sional Patent Application Ser. No. 61/384,012 filed Sep. 17,
2010, the contents of which are hereby incorporated by ref-
erence. Further, this application is a non-provisional of U.S.
Provisional Patent Application Ser. No. 61/426,686 filed Dec.
23,2010.

BACKGROUND

[0002] Ambulatory monitoring of electrocardiogram
(ECG) signals is a diagnostic technique that is widely used by
cardiologists. However, these recordings are often affected by
high levels of noise from several sources, including motion
artifacts. A motion artifact is the noise introduced into a
biopotential signal that results from motion of the measure-
ment electrode. The electrode movement causes deformation
of the skin around it, thereby affecting the electrical charac-
teristics of the skin. These electrical changes are then regis-
tered in the recorded signal as a motion artifact. Motion
artifacts with high amplitude produce a significant reduction
in the quality of an ECG signal.

[0003] Several methods for noise reduction and motion
artifactremoval are known in the art. For example, stress ECG
enhancement algorithnis are discussed in “Comparing Stress
ECG Enhancement Algorithnis” by Afonso V, Tompkins W,
Nguyen T, Michler K, Luo S., IEEE Eng Med Biol Mag 1996;
15: pages 37 to 44. As another example, the use of adaptive
modelling in the time-frequency domain has been discussed
by Augustyniak P. in “Separating Cardiac and Muscular ECG
Components using Adaptive Modelling in Time-Frequency
Domain”, Proc. of the WACBE World Congress on Bioengi-
neering 2007.

[0004] Traditional techniques for reducing noise are based
on filtering, and adaptive filtering approaches have been pro-
posed which are based on an adequate reference signal, such
as, for example, a measurement of skin-electrode impedance,
as described in “Detection Electrode Motion Noise in ECG
Signals by Monitoring Electrode Impedance” by Devlin P H,
Mark R G, Ketchum J W., Computers in Cardiology 1984;
pages 51 to 56, and in “Comparison of Methods for Adaptive
Removal of Motion Artefact” by Hamilton P, Curley M, Aimi
R, Sae-Hau C., Computers in Cardiology 2000; 27: pages 383
to 386. As another example, skin stretching measured optical
sensors are described in the latter article as well as in “Effect
of Adaptive Motion-Artefact Reduction on QRS Detection”
by Hamilton P, Curley M, Aimi R. Biomed Instrum Technol
2000; 34: 197 to 202. As still another example, the use of
accelerometers is described in “Adaptive Reduction of
Motion Artifact in the Electrocardiogram” by Tong D, Bartels
K, Honeyager K. Proc. Second Joint EMBS/BMES Conf
2002; 2: pages 1403 to 1404, and “Adaptive Noise Cancelling
of Motion Artefact in Stress ECG Signals Using Accelerom-
eter” by Raya M, Sison L. Proc. Second Joint EMBS/BMES
Conf 2002; 2: pages 1756 to 1757.

[0005] As the sources of ECG signals and motion artifacts
are typically uncorrelated, blind source separation (BSS)
techniques may be used for separating both signals, as
described by Hyvérinen A, Oja E. in “Independent Compo-
nent Analysis: Algorithmis and Applications”, Neural Net-
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works 2000; 13: pages 411 to 430, and by Castells F, Cebrian
A, Millet].in “The Role of Independent Component Analysis
in the Signal Processing of ECG Recordings”, Biomed Tech
(Berl) 2007; 52(1): pages 18 to 24. However, in order to apply
these BSS techniques, a multi-lead ECG recording is required
in which the different recorded leads should be linearly inde-
pendent.

[0006] BSS provides separation of a set of mixed signals
generated by different sources without prior knowledge of the
sources or the mixing process. Examples of BSS include
Principal Component Analysis (PCA) and Independent Com-
ponent Analysis (ICA).

[0007] PCA has been used for reducing noise in single lead
ECG signals segmented in time intervals as described in
“Uni-channel PCA for Noise Reduction from ECG Signals”
by Palaniappan R, Khoon T E., Proc 1st International
Bioengineering Conference 2004; pages 436 to 439.

[0008] PCA is amathematical process that uses an orthogo-
nal transformation to convert a data set into a set of uncorre-
lated principal components. The number of principal compo-
nents is no more than the number of elements in the original
data set. The transformation provides a first principal compo-
nent having the highest variance, with each subsequent prin-
cipal component having the next highest variance possible,
provided it is orthogonal and uncorrelated with the preceding
principal components. PCA is sensitive to the relative scaling
of the original data set.

[0009] In addition to PCA, ICA has been used for process-
ing ECG signals for noise reduction, data compression, atrial
activity extraction and foetal ECG determination. ICA 1is
another computational method of separating a multivariate
signal into additive sub-components and minimises mutual
information in the signal which maximises the independence
between random variables in the multivariate signal. How-
ever, these techniques require a method for automatic com-
ponent selection in order to be used in a stand-alone system,
as described in “The Role of Independent Component Analy-
sis in the Signal Processing of ECG Recordings” discussed
above, and by Castells F, Laguna P, Sornmo L, Bollmann A,
Millet-Roig J. in “Principal Component Analysis in ECG
Signal Processing”, EURASIP J. Appl. Signal Process 2007,
2007 (1): pages 98 to 119. Comparative analysis of PCA/ICA
for ECG signals is discussed in “A Comparative Analysis of
Principal Component and Independent Component Tech-
niques for Electrocardiograms™ by Chawla M P S.; Neural
Comput & Applic 2009; 18: pages 539 to 559.

[0010] Reduction of noise and motion artifacts in ambula-
tory ECG signals is not trivial, particularly in ambulatory
ECG signals that may suffer significant changes in noise
levels over time.

SUMMARY

[0011] The present disclosure relates to adaptive process-
ing of ambulatory ECG signals. In particular, the present
disclosure offers methods for reducing the presence of noise
and/or motion artifacts in such ECG signals. Further, the
present disclosure offers a method of using adaptive blind
source separation techniques, such as PCA and/or ICAm to
reduce noise in ECG signals to improve beat detection and
arrhythniia detection.

[0012] In one aspect, a method is disclosed. The method
comprises acquiring a plurality of ECG signals, and trans-
forming the acquired ECG signals to a component space to
provide a set of components. The components may be a
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representation of the measured ECG signals in the component
space. The method further includes evaluating the set of com-
ponents, adaptively selecting a subset of components from
within the set of components, and processing the selected
subset of components to identify at least one property of the
plurality of ECG signals.

[0013] The plurality of ECG signals can be acquired using
a multi-channel ECG system, or can be acquired using a
number of different sources.

[0014] The disclosed method enables the noise in ECG
signals to be substantially reduced so that further ECG analy-
sis, such as the automatic detection of heart beat and/or
arrhythmia, is improved. In some cases, heart beat detection
in noisy ECG signals may be performed with improved accu-
racy using the method of the present invention.

[0015] In some embodiments, transforming the acquired
ECG signals to a component space to provide a set of com-
ponents may comprise using a blind source separation tech-
nique. The blind source separation techmque may comprise
principal component analysis, or may comprise independent
component analysis. In either case, component parameters
may be selected in accordance with a time window.

[0016] Insomeembodiments, adaptively selecting the sub-
set may comprise determining quality information of the
measured plurality of ECG signals and using the determined
quality information to select the subset of components. The
quality of ECG signals can be determined by looking for
features, such as, for example, root-mean-square (RMS) sta-
tistical parameters (including kurtosis, variance, entropy,
etc.), or frequency features (including spectral concentration,
etc.). In some embodiments, adaptively selecting the subset
may be performed automatically without manual interven-
tion.

[0017] Insomeembodiments, adaptively selecting the sub-
set may comprise using non-ECG related reference signals to
select the subset of components. Examples of non-ECG
related reference signals include motion signals that can be
determined by using one or more of: an accelerometer signal,
an electrode-tissue impedance measurement, a contact
impedance measurement, a temperature measurement, and
the output from optical and/or stretch sensors. In particular,
electrode-tissue impedance or contact impedance provides an
estimation of the noise level at the recording electrodes. Opti-
cal sensors, such as, for example, optical or stretch sensors
can also be used. Other sensors, such as, for example, micro-
phones and temperature sensors, can also be used.

[0018] Insomeembodiments, the at least one property may
comprise an instantaneous heart rate value. In these embodi-
ments, the method may further comprise applying a beat
detection algorithm to a selected component within the
selected subset of components to provide the instantaneous
heart rate value. This may allow the retrieval of beat detection
information with improved accuracy.

[0019] Insomeembodiments, the at least one property may
comprise atrial activity. In these embodiments, the method
may further comprise the step of detecting atrial fibrillation
within a selected component within the selected subset of
components to provide the atrial activity.

[0020] The disclosed method may be used to isolate atrial
activity by selecting a component in component space that
carries information relating to atrial fibrillation, and process-
ing that selected component to obtain the atrial activity. Here,
the information may be de-noised as part of the processing.
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[0021] In some embodiments, the method may further
comprise applying an inverse transform to the set of compo-
nents to remove noise from the plurality of ECG signals.
[0022] Inanother aspect, a system is disclosed. The system
may comprise a measuring component configured to measure
a plurality of ECG signals, a signal processing component
configured to process the plurality of measured ECG signals
to produce processed ECG signals, and an output component
configured to output the processed ECG signals.

[0023] Insignal processing component may be configured
to process the plurality of measured ECG signals in any of the
manners described above.

[0024] In some embodiments, the system may further
include a noise reducing component configured to reduce
noise in the processed signals. In these embodiments, the
processed signals may be used, for example, for beat detec-
tion and/or arrhythmia detection with improved accuracy.
[0025] Insome embodiments, the system may further com-
prise a communication link configured to transmit the plural-
ity of ECG signals to a receiver unit. The communication link
may be wired or wireless. In one embodiment, the ECG
signals may be transmitted to the receiver unit and/or a base
station where they are processed. In another embodiment, the
[0026] ECG signals may be processed at the location of the
measurement and may then be transmitted wirelessly to the
receiver unit and/or the base station.

[0027] In some embodiments, the output component may
comprise a display for displaying the processed signals.

BRIEF DESCRIPTION OF THE DRAWINGS

[0028] For a better understanding of the present invention,
reference will now be made, by way of example only, to the
accompanying drawings in which:

[0029] FIG. 1 illustrates ECG signals with noise and/or
motion artifacts;

[0030] FIG. 2illustrates a graph of beat detection accuracy
versus signal-to-noise (SNR);

[0031] FIG. 3 illustrates a flowchart of a beat detection
method, in accordance with an embodiment;

[0032] FIG. 4 illustrates the effect of noise on an ECG
signal;
[0033] FIG.5illustrates the principle of using PCA on ECG

signals, in accordance with an embodiment;

[0034] FIG. 6 illustrates a graph of a subset of principal
components as a function of the signal-to-noise ratio;
[0035] FIG. 7 illustrates a graph of correlation coefficients
as a function of the signal-to-noise ratio;

[0036] FIG. 8 illustrates a graph of signal-to-noise ratio
improvement as a function of the signal-to-noise ratio for
PCA output;

[0037] FIG. 9 illustrates a graph of correlation coefficient
of'the PCA as a function of the signal-to-noise ratio;

[0038] FIG.10illustrates a graph of correlation coefficients
as a function of the signal-to-noise ratio, for methods using
adaptive PCA or ICA and methods using no filtering;

[0039] FIG. 11 illustrates a graph of signal-to-noise ratio
improvement as a function of signal-to-noise ratio for opti-
mised PCA and ICA;

[0040] FIG. 12 illustrates adaptive PCA or ICA, in accor-
dance with an embodiment;

[0041] FIG. 13 illustrates de-noising of ECG signals, in
accordance an embodiment;

[0042] FIG. 14 illustrates a graph of SNR improvement as
a function of the signal-to-noise ratio for PCA and ICA;
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[0043] FIG. 15 illustrates adaptive PCA or ICA for beat
detection, in accordance with an embodiment;

[0044] FIG. 16 illustrates adaptive PCA or ICA for atrial
activity, in accordance with an embodiment; and

[0045] FIG. 17 illustrates using adaptive PCA or ICA to
identify different types of ECG activity.

[0046] FIG. 18 shows amulti-channel ECG that, after adap-
tive PCA or ICA, can provide information relating to noise,
atrial activity and ventricular activity, in accordance with an
embodiment.

DETAILED DESCRIPTION

[0047] The present invention will be described with respect
to particular embodiments and with reference to certain draw-
ings but the invention is not limited thereto. The drawings
described are only schematic and are non-limiting. In the
drawings, the size of some of the elements may be exagger-
ated and not drawn on scale for illustrative purposes.

[0048] It will be understood that the terms “vertical” and
“horizontal” are used herein refer to particular orientations of
the Figures and these terms are not limitations to the specific
embodiments described herein.

[0049] Furthermore, the terms “first”, “second”, “third”
and the like in the description, are used for distinguishing
between similar elements and not necessarily for describing a
sequential or chronological order. The terms are interchange-
able under appropriate circumstances and the embodiments
ofthe invention can operate in other sequences than described
or illustrated herein.

[0050] Moreover, the terms “top”, “bottom”, “over”,
“under” and the like in the description and the claims are used
for descriptive purposes and not necessarily for describing
relative positions. The terms so used are interchangeable
under appropriate circumstances and the embodiments of the
invention described herein can operate in other orientations
than described or illustrated herein.

[0051] FIG. 1 illustrates ECG signals with noise and/or
motion artifacts. In particular, FIG. 1 illustrates a plurality of
acquired ECG signals with motion artifacts having high
amplitude. Six measured ECG signals 11, 12, 13, 14, 15, 16
are shown. In ECG signals 11,12, 13, the level of noise is low,
making interpretation of the signals easier. However, due to
the presence of noise and/or motion artifacts, it is more dif-
ficult to extract actual ECG signals from the measurement
ECG signals 14, 15, 16.

[0052] One of the most relevant applications in the auto-
matic analysis of ECG signals is the automatic detection of
beats. The importance of accurate beat detection is high, as
this is usually a first step in the development of algorithms for
the analysis of ECG signals. The accurate detection of the
beat can be used in many clinical applications. It can form the
basis for the analysis of rhythm, the analysis of Heart Rate
Variability (HRV), detection of pathologies, and/or other
advanced analyses. Under optimal recording conditions,
these methods give detection rates over 99%. However, beat
detection accuracy is significantly reduced when the signal
quality is decreased due to the presence of motion artifacts.
[0053] FIG. 2 illustrates a graph of beat detection accuracy
versus signal-to-noise ratio (SNR). In particular, FIG. 2
shows how positive predictivity, indicated by solid line 22, of
a beat detection algorithm decreases rapidly when the value
of SNR drops. The sensitivity is also shown as indicated by
dotted line 24.
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[0054] There is thus a desire for methods and systems that
can reduce noise and motion artifacts in ambulatory ECG
signals.

[0055] In one aspect, a method for performing heart beat
detection in noisy ECG signals with increased accuracy is
disclosed. The method comprises acquiring a plurality of
ECG signals. These signals may be multi-channel or multi-
lead ECG signals or signals obtained from multiple sources.
These acquired channels are transformed into signals in a
component space by means of PCA or ICA.

[0056] As described above, PCA and ICA are techniques
commonly used in multivariate statistical analysis. The goal
of these techniques is the reduction of the number of dimen-
sions from a numerical measurement of several variables for
further processing. With this dimensional reduction, PCA
and/or ICA can simplify a statistical problem with minimal
loss of information. These methods are also used in signal
processing for separating a linear combination of signals
generated from sources that are statistically independent.
This is achieved by representing the data in a new coordinate
system. These transformations are bidirectional, and an
inverse transformation may be carried out to provide the data
in the original coordinate system. This is described by Jolliffe
1T, in “Principal Component Analysis”, Springer Series in
Statistics 2002, New York: Springer.

[0057] Applying PCA or ICA to n-channel ECG signals
that are statistically independent gives n new signals or com-
ponents. The components corresponding to noise to be can-
celled are set to zero and the transformation is inverted to
obtain the “filtered” signals in the original coordinate space.
It is to be noted that the first new signal or component does not
necessarily correspond to the first measured ECG signal.
Identifying which components correspond to noise and which
correspond to ECG signals is not trivial.

[0058] Variance and kurtosis can be used for automatic
selection of the components. Variance is a descriptor of a
probability distribution in that it provides information about
how far variables in a set are spread out from a mean or
expected value. Kurtosis is a measure of “peakedness” of a
probabilistic distribution of a real-valued random variable.
High distributions have sharper peaks and flatter tails, while
low distributions have more rounded peaks and shorter thin-
ner tails.

[0059] FIG. 3 illustrates a flowchart of a beat detection
method, in accordance with an embodiment.

[0060] The method 30 begins at block 32 where multi-
channel ECG signals are measured or otherwise acquired. In
some embodiments, additional non-ECG signals, such as, for
example, accelerometer signals, electrode-skin impedance
measurements, optical measurements, signals obtained from
microphones, light sensors, temperature sensors, gas sensors,
humidity sensors or cameras, or other measurements are also
measured or acquired at block 32.

[0061] At block 34, the acquired ECG signals are trans-
formed into a set of either principal or independent compo-
nents, depending on whether PCA or ICA is to be performed
on the measured ECG signals. The principal or independent
components are representations of the ECG signals in the
component space.

[0062] From this set of components, a subset is automati-
cally selected at step 36. In embodiments where non-ECG
signals are also measured, the subset may be selected in
accordance with parameters determined from the non-ECG
signals. The non-ECG signals may be used to determine a
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quality of the ECG signals. Then, the subset may be selected
based on the determination of the quality of the ECG signals.

[0063] At block 38, a beat detection algorithm is applied to
this subset of components. In this manner, an improvement in
performance may be obtained.

[0064] In the case of PCA, for high SNR values, retaining
the principal components of highest variances give the best
performance. When SNR is decreased, the principal compo-
nents corresponding to highest variance are related to high
amplitude noise. Accordingly, a method for identifying the
optimal subset of principal components as a function of input
SNR and number of channels is described below. It will be
appreciated that a similar process is carried out when using
ICA instead of PCA.

[0065] In addition to component selection, the time win-
dow used to apply PCA or ICA can also be chosen according
to noise characteristics of the signals being analysed. The
length of the time window for this selection can be adjusted
according to the duration of noise in the ECG signals, that is,
the shorter the duration of noise, the shorter the time window
and the longer the duration of noise, the longer the time
window. In the disclosed method, parameters used in ECG
signal analysis in ambulatory recordings, such as the set of
components and the time window, may be adapted in real-
time either independently or in combination.

[0066] Experimentation has shown that this adaptation can
be carried out based on characteristics of noise in the signal,
for example, the length, the level, and frequency bands prop-
erties of noise. More generally, this adaptive PCA or ICA
method can be based on other parameters that characterise the
context of the monitoring environment (called context-aware
adaptive PCA or ICA). These parameters may be obtained
from the original input multi-channel ECG signals as well as
signals from other sources, for example, motion measure-
ments using accelerometers, electrode-tissue or contact
impedance measurements, heart rate (when known), and/or
optical sensors. The performance of the PCA and ICA is
described below. Clean ECG signals were obtained by
recording 8-channel ECG signals, and 8-channel noise only
recordings were also obtained. Each 8-channel noise signal
was multiplied for a gain factor and added to each 8-channel
clean ECG in order to obtain a specific SNR. SNR values
ranging from 10 to —-10 dB were considered.

[0067] FIG. 4 illustrates the effect of noise on an ECG
signal. In FIG. 4, an example of a clean ECG signal is shown
by trace 42, a pure noise signal is shown by trace 44, and a
combination of both signals is shown by trace 46.

[0068] PCA was applied to the combined signal 46 to pro-
vide principal components, and a subset of principal compo-
nents was selected in accordance with descending order of
variance. The subset of principal components was then
inverted, that is, the PCA transform was reversed, to filter out
noise. Similarly, ICA was also applied to the combined signal
46 to provide independent components, and a subset of inde-
pendent components was selected by kurtosis over a fixed
threshold. The subset of independent components was then
inverted to effect filtering out of noise.

[0069] FIG. Sillustrates the principle ofusing PCA on ECG
signals, in accordance with an embodiment. An eight-channel
ECG signal together with noise at -5 dB is shown at 52.
Initially, PCA was applied to all 8-channel ECG lead signals
at 54. Only one of the 8 resulting principal components was
retained and the PCA transform was inverted to obtain the
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filtered original 8 ECG leads as shown at 56. It can readily be
seen that the filtered ECG signals 56 have less noise than the
measured ECG signals 52.

[0070] Selecting the principal component with highest
variance gave in general highest correlation coefficients for
high SNR values, that is, over 0 dB. However, for SNR values
between 0 and -7 dB, the principal component which had
highest ECG content was the second one with highest vari-
ance. Between -8 and -10 dB, the principal component
which gave the best the highest correlation coefficient was the
fourth one.

[0071] The optimal number of principal components in
function of the SNR was then investigated. PCA was applied
to the 8-channel ECG signals. Then, the principal compo-
nents were sorted by their ranking obtained in descending
order. Finally, n components were selected, where n=1, 2, . .
., 8, and the PCA transform was inverted. Overall, the best
values were obtained with n=3 giving a small correlation
coefficient improvement with median of 0.02 (median abso-
lute deviation (MAD)=0.05) and the SNR improvement was
in median of 1.49 dB (MAD=4.62). For low SNR values,
PCA performed better when retaining more principal com-
ponents, for example, 4 principal components for an SNR
value of -8 dB and 6 principal components for an SNR value
between -9 dB and -10 dB.

[0072] Combining the results, the best subset of principal
components was selected for each SNR value, for example,
principal component 1 corresponds to the value with highest
variance, principal component 2 corresponds to the value
with the next highest variance, and principal component 8
corresponds to the value with lowest variance.

[0073] FIG. 6 illustrates a graph of a subset of principal
components as a function of the signal-to-noise ratio. That is,
FIG. 6 illustrates the subset of principal components that gave
best results when considering correlation. It can be seen that
for an SNR value between 10 dB and -2 dB, components 1 to
3 are chosen as the subset. As the SNR increases, different
components are chosen. As shown in FIG. 6, components 1 to
4 are chosen when the SNR is -3 dB, components 2 to 4 are
chosen when the SNR is between —4 dB and -7 dB, compo-
nents 2 to 5 are chosen when the SNR is between -5 dB, and
finally components 2 to 7 are chosen when the SNR is
between -9 dB and -10 dB. It will be appreciated that these
values are given by way of example only and that any other
combination of adjacent components can be chosen in accor-
dance with the SNR values.

[0074] The use of this method of component selection was
evaluated by comparing its performance with the direct com-
parison of the noisy ECG signals and the clean ECG signals,
that is, with no de-noising, and the use of PCA when the
optimal set of principal components was retained for each
signal within the dataset and SNR value independently. The
optimal set was defined as the one (from all possible combi-
nations) that gave the highest correlation coefficient between
the clean ECG signal and the output of the inverted PCA.
[0075] For evaluating the signal improvement for PCA and
ICA, the correlation coefficient between the noise-free signal
and the output after PCA and ICA filtering was determined. In
addition, SNR before and after PCA and ICA filtering was
estimated. In evaluating the combined signal 46 using PCA
and ICA, the optimal subset of principal and independent
components respectively was identified for each signal within
the dataset and for the SNR independently. The optimal com-
ponent subset was retained and the PCA or ICA transforma-
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tion was inverted to provide a filtered 8-channel signal. The
optimal component subset was defined as the one that gave
the highest correlation coefficient between the clean ECG
signal and the output of the inverted PCA or ICA signal. The
output of the filtered signal was compared with the clean ECG
signal before adding the noise by calculating the correlation
coefficient. Median and MAD values of the eight output
signals were considered to be representative values for each
signal, and median+MAD values of the whole data set was
considered as being representative for each SNR wvalue.
Tables 1 and 2 illustrate respectively the correlation coeffi-
cients and SNR improvement respectively for PCA and ICA.

TABLE 1
SNR (dB) PCA ICA
10 0.96 +0.01 0.95 +0.02
0 0.75 £ 0.07 0.79 £0.07
-5 0.55 +0.09 0.68 +0.10
TABLE 2
SNR (dB) PCA ICA
10 203£1.22 0.00 +0.00
0 0.96 +0.90 3.64 +3.40
-5 0.73 +0.78 5.76 +4.36

[0076] The correlation coefficient results given in Table 1
are illustrated in FIG. 7 and the SNR improvement results
given in Table 2 are illustrated in FIG. 8.

[0077] PCA output and clean ECG signals were plotted
against SNR value when the selected PC were retained (PCA
alg), the optimal subset of principal components were
retained (optPCA), and the median correlation coefficient of
noisy ECG with clean ECG signals (noPCA). FIG. 7 illus-
trates a graph of correlation coefficients as a function of the
signal-to-noise ratio. In particular, a comparison of the
median correlation coefficient for each SNR value is shown in
FIG. 7 for the case were there is no PCA, line 72, conventional
PCA (where the principal components are arbitrarily
selected), line 74, and optimised PCA, line 76, in accordance
with the invention.

[0078] FIG. 8 illustrates a graph of signal-to-noise ratio
improvement as a function of the signal-to-noise ratio for
PCA output. In particular, FIG. 8 illustrates the median SNR
improvement for optimised PCA, line 84, compared to con-
ventional PCA, line 82, for each SNR value. As shown, apply-
ing optimised PCA can give a significant improvement, espe-
cially with low SNR values, for example, improvement in the
correlation coefficient of 0.16 and SNR 6.39 dB with SNR=-
10 dB when the optimal principal components can be inden-
tified for each noisy signal. However, the subset of principal
components, as a function of SNR as above, gave a smaller
improvement, for example, improvement in the correlation
coefficient of 0.03 and SNR 1.92 dB with SNR=-10 dB.

[0079] The effect of the number of input channels was also
investigated for both PCA and ICA. In addition to the eight
input channels, subsets of input channels of six, four and two
channels were also considered. Following the same proce-
dures as described above, for each input subset, the optimal
component subset was found for each signal and SNR value.
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To obtain consistent results, only one lead, common for all
subsets, was considered for comparing the input and output of
the PCA and ICA.

[0080] For PCA, the highest correlation coefficients for
high SNR values was obtained for six and eight input chan-
nels, for example, at an SNR of 10 dB, the correlation coef-
ficient was found to be 0.96+0.02. For SNR values between 1
dB and -8 dB using two input channels, the highest correla-
tion coefficients were obtained, for example, at an SNR value
of 0 dB, a correlation coefficient of 0.73+0.10 was obtained.
As the SNR decreased, eight input channels gave the highest
correlation coefficient of 0.39+0.11 at -10 dB.

[0081] When ICA was used, higher correlation coefficients
were obtained for six and eight input channels over all SNR
values. Over 3 dB, the correlation coefficient was similar, for
example, for an SNR value of 10 dB, the correlation coeffi-
cient was found to be 0.95+0.02, and for below that value, the
difference was small, for example, 0.82+0.07 and 0.84+0.07
respectively at 0 dB, and at an SNR value of -10 dB, corre-
lation coefficients 0f 0.43+0.15 and 0.46+0.16 were obtained
respectively. In contrast, two input channels provided lower
correlation coefficients, for example, 0.94+0.04 and 0.32+0.
13 at SNR values of 10 dB and -10 dB respectively.

[0082] In addition, the SNR before and applying PCA or
ICA was estimated in order to calculate the SNR improve-
ment. For PCA, using eight input channels, the highest SNR
improvement was obtained for SNR values down to 4 dB, and
between 3 dB and 0 dB, the highest improvement was
obtained using six input channels. Between SNR values of -1
dB and -8 dB, two input channels provided the best SNR
improvement and for lower SNR values, eight input channels
provided the best SNR improvement.

[0083] ICA based filtering provided higher SNR improve-
ments when using six or eight input channels. Using two input
channels, the lowest SNR improvement was obtained for all
SNR values.

[0084] FIG. 9 illustrates a graph of correlation coefficient
of the PCA as a function of the signal-to-noise ratio. As
shown, FIG. 9 illustrates the correlation coefficient results for
different numbers of input channels against the different val-
ues of SNR. Respective lines 92, 94, 96, 98 refer to two, four,
six and eight input channels. Decreasing the number of input
channels did not yield a big drop in the correlation coefficient,
namely, a median drop of 0.49 and 0.42 for eight and two
input channels respectively at SNR=-10 dB). The SNR
improvement dropped in median value from 4.35 dB down to
0.38 dB (eight and two input channels) at SNR=-10 dB.
[0085] FIG. 10 illustrates a graph of correlation coefficients
as a function of the signal-to-noise ratio, for methods using
adaptive PCA or ICA and methods using no filtering. In FIG.
10, the difference obtained for the correlation coefficient
against SNR when there is no filtering using either PCA or
ICA (trace 102), using an optimised PCA (trace 104), and
using an optimised ICA (trace 106).

[0086] FIG. 11 illustrates a graph of signal-to-noise ratio
improvement as a function of signal-to-noise ratio for opti-
mised PCA and ICA. Like in FIG. 10, in FIG. 11, the SNR
improvement against SNR is shown for an optimised PCA
(trace 112) and an optimised ICA (trace 114) respectively.
[0087] Inaddition, the effect of a “fixed” subset of compo-
nents for each SNR value was investigated. For each value of
the input SNR, the components were sorted in descending
order by variance in the case of PCA and by kurtosis in the
case of ICA. The subset of components that gave the highest



US 2012/0071730 Al

median value of the correlation coefficient between filtered
and clean ECG signals was identified for each input SBR.
These fixed component subsets were used to test an automatic
PCA or fixed-PCA and automatic ICA or fixed-ICA.

[0088] It was found that the difference in the correlation
coefficient, when comparing clean ECG signals with filtered
signals, using fixed-PCA led to a significantly lower perfor-
mance than not applying any filtering for SNR values of 0 dB
and above. Below 0 dB, fixed-ICA had a higher median
correlation coefficient than no filtering. For the SNR
improvement determination, fixed-PCA provided an
improvement 0f3.86+1.59 dB at 10 dB. The performance was
lower when the input SNR decreased, for example, at an SNR
value of =10 dB, the SNR improvement was determined to be
1.03%2.56 dB. Fixed-ICA provided low improvement in SNR
for high input SNR values, for example, at an SNR of 10 dB,
the improvement was 0.45+2.40 dB. However, lower input
SNR values provided higher performance, for example, at an
SNR value of -5 dB, the SNR improvement was found to be
7.50+4.13 dB.

[0089] FIG. 12 illustrates adaptive PCA or ICA, in accor-
dance with an embodiment. In the embodiment shown in FIG.
12, ECG signals are processed to remove the noise. A multi-
channel ECG 120, signals ECG_1 to ECG_N, is taken from
which SNR and heart rate can be derived to provide an ECG-
related input 122. Non-ECG related signals are also taken,
that form a non-ECG input 123, which, in this embodiment,
are indicative of motion of the subject, and hence motion
artifacts. Although only motion sensors are shown, it will be
appreciated that other sensors can also be utilised as dis-
cussed above.

[0090] PCA or ICA is applied to the multi-channel ECG
120 to produce components Comp_1 to Comp_N in compo-
nent space 124. Using the ECG-related input signal 122 and
the non-ECG related input reference signal 123 are used to
adapt a time window for the transformation into component
space 124. The time window can be considered to be esti-
mated from the time variant properties of the noise that can be
estimated from the SNR determined in the input ECG signals
or from additional non-ECG signals. From the component
space 124, the number of components 126 selected is deter-
mined in accordance with the noise properties (such as, SNR
and other time-frequency parameters), or according to other
parameters derived from the ECG or non-ECG input signals.
An inverse transform is applied on the selected components to
provide a multi-channel ECG signal 128 with less noise than
the measured multi-channel ECG signal 120.

[0091] This system can be adapted in accordance with sig-
nals determined from the environment and can be dynami-
cally modified, for example, in accordance with the time
window and/or component selection, based on changes in the
environment. This adaptive approach effectively de-noises
the ECG signals to improve the performance of subsequent
ECG processing compared to traditional PCA or ICA
approaches.

[0092] Here, the set of components, when using either PCA
or ICA, can be used for reconstruction based on the noise of
the signal, or more generally, based on the context of the
monitoring environment.

[0093] FIG. 13 illustrates de-noising of ECG signals, in
accordance an embodiment. Here, reference signals 132 are
used in conjunction with the ECG signals 130 to define the
components 134 using either PCA or ICA. Component reduc-
tion 136 is determined and an inverse transform is applied to
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provide de-noised ECG signals 138. As discussed above, the
selection of the components is determined from the actual
ECG signals and the environment, the selection being
dynamically modified based on the change in the environ-
ment. This is in contrast to current PCA/ICA techniques
where the component selection is pre-defined and static, and
hence, the component selection is not adaptable to changes in
the environment.

[0094] FIG. 14 illustrates a graph of SNR improvement as
a function of the signal-to-noise ratio for PCA and ICA. Here,
ICA is indicated by trace 142 and PCA by trace 144. It is
shown that ICA can provide better performance for de-nois-
ing.

[0095] FIG. 15 illustrates adaptive PCA or ICA for beat
detection, in accordance with an embodiment. In FIG. 15,
beat detection can be carried out in component space without
having to apply the inverse transform, as described with ref-
erence to FIGS. 12 and 13. Here, a multi-channel ECG signal
150 is converted to component space 154 using reference
signals 152. A single component 156 is selected and from this
component, an instantaneous heart rate value 158 can be
determined This is in contrast to the conventional beat detec-
tion where the instantaneous heart rate is determined only
once the inverse transform has been applied to the selected
component(s). The advantages of determining the instanta-
neous heart rate or beat detection in the component space
include an increased robustness to noise, lower computing
complexity, and the component selection is carried out
dynamically using adaptive PCA or ICA. This additionally
provides a positive detection of beats and does not detect false
beats.

[0096] A further option for using adaptive PCA or ICA as
described above is in atrial activity detection. Here, PCA or
ICA is used to extract a specific wave containing information
about atrial activity and an optimal component containing this
information can be identified in real-time.

[0097] FIG. 16 illustrates adaptive PCA or ICA for atrial
activity, in accordance with an embodiment. This is similar to
that shown in FIG. 15, but with the component that carries
almost exclusively the information on the atrial fibrillation
wave being selected. In a similar way to FIG. 14, the multi-
channel input signals 160 are transformed to component
space 164 using reference signals 162. A single component
166 is selected in component space and 164 and an atrial
fibrillation algorithm applied to determine the presence of
atrial fibrillation 168. Again, no inverse transform is required
and the relevant atrial activity can be isolated in the compo-
nent space. This has the advantages of increased sensitivity
and automatic component selection due to only one compo-
nent carrying the information of interest for the detection of
atrial activity.

[0098] The effect of using PCA and ICA for beat detection
was evaluated in comparison to the situation where no filter-
ing was applied for SNR values between 10 dB and -10 dB,
in 1 dB steps. Here, the PCA and ICA transformations are
inverted before the beat detection algorithm was applied. In
each case, an optimal component subset was selected that
gave the highest correlation coefficient between a clean ECG
signal and the output of the inverted PCA or ICA. Sensitivity
and positive predictability were considered for optimal com-
ponent selection. In each case, a beat detection algorithm was
applied to the filtered signals produced by PCA and ICA and
to the original signal before filtering.
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[0099] In terms of sensitivity, the beat detector had a good
performance with a sensitivity of 100% down to -6 dB. In
terms of positive predictability, a value of 100% was obtained
down to 6 dB and, below 6 dB, the value dropped to 83.09%
at0 dB and 48.81% at —10 dB. When both PCA and ICA were
applied using the optimal component subset, a sensitivity of
100% was obtained for all SNR values in the range.

[0100] For positive predictability, PCA vyielded an
improvement for all SNR values with values of 95.45% at an
SNR value of 0 dB and 56.87% for an SNR value of -10 dB.
However, ICA filtering gave a higher performance for posi-
tive predictability for all SNR values, for example, 100% for
0 dB and 61.38% for —10 dB.

[0101] The selection of principal and independent compo-
nents may be automatic, such that it does not require human
intervention. Here, automatic component selection was car-
ried out using kurtosis to identify which components corre-
spond to ECG information. Components having a kurtosis
over a fixed threshold were selected whilst components below
this threshold were rejected. If none of the components had a
kurtosis over the fixed threshold, then the component with the
highest kurtosis was selected. Again, positive predictability
and sensitivity were considered.

[0102] For positive predictability, a value of 100% was
obtained for SNR values down to 3 dB when no filtering was
applied. However, below an SNR value of 3 dB, the positive
predictability dropped considerably to 57.43% when the SNR
was —10 dB.

[0103] Applying PCA and selecting the components auto-
matically gave a higher positive predictability than the case
with no filtering for all SNR values below 3 dB with values of
100% for all SNR values down to 0 dB and 58.82% for an
SNR value at —10 dB. It was found that PCA with optimal
component selection outperformed PCA with automatic
selection for all SNR values below 0 dB.

[0104] ICA with automatic component selection was found
to give a higher positive predictability values when compared
to PCA with automatic component selection, for example,
down to -4 dB a value of 100% was obtained and at -10 dB
a value of 59.69% was obtained. In addition, ICA with the
optimal component subset gave higher positive predictability
values than those obtained for both versions of PCA and for
ICA with automatic component selection for SNR values
below -5 dB. The results obtained are shown in FIG. 17.
[0105] FIG. 17 illustrates using adaptive PCA or ICA to
identify different types of ECG activity. In FIG. 17, a graph of
positive predictability against SNR value is shown. Line 170
relates to the results obtained with no filtering; line 172 relates
to the results obtained for PCA with automatic component
selection; line 174 relates to the results obtained for ICA with
automatic component selection; line 176 relates to the results
obtained for PCA with optimal component selection; and line
178 relates to the results obtained for ICA with optimal com-
ponent selection.

[0106] FIG. 18 shows a multi-channel ECG that, after adap-
tive PCA or ICA, can provide information relating to noise
182, atrial activity 184 and ventricular activity 186, in accor-
dance with an embodiment. Although PCA and ICA have
been described as being alternatives, there may be some
applications where both PCA and ICA need to be applied in
succession. In addition, a combination of PCA-ICA could
also be applied.

[0107] While the above detailed description has shown,
described, and pointed out novel features of the invention as
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applied to various embodiments, it will be understood that
various omissions, substitutions, and changes in the form and
details of the device or process illustrated may be made by
those skilled in the technology without departing from the
invention.

What is claimed is:

1. A method comprising:

acquiring a plurality of electrocardiogram (ECG) signals;

transforming the ECG signals to a component space,

thereby producing a set of components representing the
ECG signals in the component space;

evaluating the set of components;

adaptively selecting from the set of components a subset of

components; and

processing the subset of components to identify at least one

property of the ECG signals.

2. The method of claim 1, wherein transforming the ECG
signals to the component space comprises using a blind
source separation technique.

3. The method of claim 2, wherein the blind source sepa-
ration technique comprises principal component analysis.

4. The method of claim 2, wherein the blind source sepa-
ration technique comprises independent component analysis.

5. The method of claim 1, further comprising selecting
parameters for the set of components in accordance with a
time window.

6. The method of claim 1, wherein adaptively selecting the
subset of components comprises adaptively selecting the sub-
set of components based on at least a quality of the ECG
signals.

7. The method of claim 1, further comprising acquiring
non-ECG signals.

8. The method of claim 7, further comprising, based on the
non-ECG signals, determining a quality of the ECG signals.

9. The method of claim 8, wherein adaptively selecting the
subset of components comprises adaptively selecting the sub-
set of components based on at least the quality of the ECG
signals.

10. The method of claim 7, wherein the non-ECG signals
comprise at least one of accelerometer signals, electrode-
tissue impedance measurements, contact impedance mea-
surements, temperature measurements, outputs from optical
sensors, and outputs from stretch sensors.

11. The method of claim 1, wherein the at least one prop-
erty comprises an instantaneous heart rate value.

12. The method of claim 11, further comprising applying a
beat detection algorithm a component in the selected subset
of components to determine the instantaneous heart rate
value.

13. The method of claim 1, wherein the at least one prop-
erty comprises atrial activity.

14. The method of claim 13, further comprising detecting
atrial fibrillation in a component in the selected subset of
components to detect the atrial activity.

15. The method of claim 1, further comprising inversely
transforming the set of components to remove noise from the
ECG signals.

16. A system comprising:

a measurement component configured to measure a plural-

ity of ECG signals;

a signal processing component configured to:

transform the ECG signals to a component space,
thereby producing a set of components representing
the ECG signals in the component space;
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evaluate the set of components;

adaptively select from the set of components a subset of
components; and

process the subset of components to produce processed
ECG signals and to identify at least one property of
the ECG signals; and

an output component configured to output at least one of

the processed ECG signals and the at least one property.

17. The system of claim 16, wherein the measurement
component comprises a communication link configured to
receive the ECG signals.

18. The system of claim 16, wherein the measurement
component is further configured to measure non-ECG sig-
nals.

19. The system of claim 18, wherein the signal processing
component is further configured to adaptively select the sub-
set of components based at least on the non-ECG signals.
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20. A nontransitory computer readable medium having
stored therein instructions executable by a computing device
to cause the computing device to perform functions compris-
ing:

acquiring a plurality of electrocardiogram (ECG) signals;

transforming the ECG signals to a component space,

thereby producing a set of components representing the
ECG signals in the component space;

evaluating the set of components;

adaptively selecting from the set of components a subset of

components; and

processing the subset of components to identify at leastone

property of the ECG signals.
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