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Cbtain two complimentary matrices from a first signal decomposition of a
multi-channel baseline signal in a first malrix and a second signal
decomposition of a muiti-channel data signal in a second matrix, in which
the first matrix includes nominal non-artifact signal components and the
second matrix includes artifact components,

152

Form a linear transform by non-linearly combining the complementary
matrices
134

Produce an outpul signal comresponding to the multi-channe! data signal
oy applying the formed linear transform to one or more samples of the
multi-channel data signal to remove artifacts and retain non-artifact
signal content in the output signal
156
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ARTIFACT REMOVAL TECHNIQUES WITH
SIGNAL RECONSTRUCTION

CROSS-REFERENCE TO RELATED
APPLICATIONS

[0001] This patent document claims benefit of priority of
U.S. Provisional Patent Application No. 61/830,595, entitled
“HIGH-AMPLITUDE ARTIFACT REMOVAL WITH SIG-
NAL RECONSTRUCTION” and filed on Jun. 3, 2013. The
entire content of the aforementioned patent application is
incorporated by reference as part of the disclosure of this
patent document.

STATEMENT REGARDING FEDERALLY
SPONSORED RESEARCH OR DEVELOPMENT

[0002] This invention was made with government support
under grant W911NF-10-2-0022 awarded by the Army
Research Lab (ARL). The government has certain rights in
the invention.

TECHNICAL FIELD
[0003] This patent document relates to signal processing
technologies.
BACKGROUND
[0004] Signal processing is a discipline of engineering,

physics, and applied mathematics that involve a variety of
techniques and tools that perform operations on or analysis of
signals and/or measurements of time-varying or spatially
varying physical quantities. For example, signal processing
techniques can be used for signals including sound, electro-
magnetic radiation, images, and sensor data, e.g., such as
biological and physiological data such as electroencephalo-
grams (EEG), magnetoencephalogram (MEG), electrococh-
leograms (ECoch@G), electrocorticograms (ECoG), electro-
cardiograms (ECG), and electromyograms (EMG), among
many others.

SUMMARY

[0005] Techniques, systems, and devices are disclosed for
removing artifact components (e.g., contaminated or noise
components) from a signal by reconstructing the contami-
nated data of the artifact components with non-contaminated
signal content. The disclosed signal processing methods can
adequately mark components for removal while selectively
preserving the portion of activity in the removed component
that is not contaminated. In some implementations, non-sta-
tionary and/or non-stereotypical high-amplitude “artifact”
(e.g., contaminated) components can be removed from multi-
channel signals, in which contaminated data are recon-
structed from non-contaminated signal contents.

[0006] The subject matter described in this patent docu-
ment can be implemented in specific ways that provide one or
more of the following features. For example, the disclosed
technology can provide the ability to robustly remove most
types of high-amplitude, non-stationary and non-stereotypi-
cal artifacts from ongoing physiological signals, e.g., such as
EEG, ECoG, MEG, ECG with very low (and frequently neg-
ligible) residual. This can in turn provide the ability to transfer
avast array of signal processing techniques that are known to
be prone to artifacts to circumstances where artifacts cannot
be avoided, e.g., such as real-time signal processing during
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outdoor activities (e.g., recreational), at workplaces where
frequent movement and use of head or face musculature
occurs (e.g., industrial operators, call centers), military
operations (e.g., environments with strong shaking, accelera-
tion and rapid movement), or for video game applications
where considerable head/face movement occurs. In some
implementations, for example, the disclosed technology can
be applied to online processing of data, e.g., including incre-
mental processing, causal processing, and real-time process-
ing, as well as offline processing of data, e.g., including batch
processing.

[0007] Those and other features are described in greater
detail in the drawings, the description and the claims.

BRIEF DESCRIPTION OF THE DRAWINGS

[0008] FIG. 1A shows a diagram of an exemplary signal
processing method of the disclosed technology.

[0009] FIG. 1B shows a block diagram of the exemplary
signal processing method of FIG. 1A.

[0010] FIG. 2 shows a data plot depicting exemplary results
of exemplary implementations of the disclosed method.
[0011] FIG. 3 shows a diagram of an exemplary processing
unit configured to implement the disclosed signal processing
methods.

[0012] FIG. 4 shows a diagram of an exemplary system of
the disclosed technology including a real-time data process-
ing pipeline.

[0013] FIG. 5shows a data plot depicting exemplary results
of exemplary implementations of the disclosed technology.
[0014] FIG. 6 shows a diagram depicting an exemplary
temporal snapshot of reconstructed source networks of the
exemplary results.

[0015] FIG. 7 shows a data plot depicting exemplary results
of exemplary implementations of the disclosed technology.
[0016] FIG. 8 shows an ERP image depicting exemplary
results of exemplary implementations of the disclosed tech-
nology.

DETAILED DESCRIPTION

[0017] Virtually all signals include noise or errors that are
may cause undesirable modifications or artifacts to the signal.
Signal artifacts may be caused during the creation or capture,
storage, transmission, processing, and/or conversion of the
signal. For example, in electrophysiological monitoring, arti-
facts include anomalies such as interfering signals that origi-
nate from some source other than the electrophysiological
structure or event of interest. Examples of such anomalies
include signals generated from energy sources, internal sig-
nals within instrumentation utilized in measurement, a utility
frequency (e.g., 50 Hz and 60 Hz), and/or interfering electro-
physiological signals from that of interest. Artifacts may
obscure, distort, or completely misrepresent the true under-
lying signal sought.

[0018] Existing methods for artifact removal in electro-
physiological multi-channel time series can be characterized
as channel-based or component-based. Channel-based meth-
ods operate on a channel-by-channel basis, e.g., by interpo-
lating a contaminated channel. Component-based methods
represent the signal as a sum of components (some of which
may be artifacts), which assumes the existence of a collection
of latent source components, each of which linearly projects
onto typically multiple channels and which together addi-
tively comprise the observed signal (optionally plus random
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noise, e.g., Gaussian-distributed). Existing component-based
methods either assume stationary source projections onto
channels or non-stationary projections. For example, most
existing component-based methods assume stationary pro-
jections due to the relative difficulty of estimating the
required coefficients in a time-varying manner on short peri-
ods of data. One existing non-stationary method utilizes a
short-time Principal Component Analysis (PCA) of the signal
to identify high-amplitude components.

[0019] Other conventional methods for artifact removal
include template-based methods, regression-based tech-
niques, and wavelet-based methods. Template-based meth-
ods assume that only a tractably small number of stereotypi-
cal cases of artifacts occur, which can be identified based on
template matching (e.g., such as eye-blink patterns in EEG).
Template-based methods cannot handle artifacts that are ran-
dom noise processes or where the number of unique cases is
intractable, e.g., such as methods based on machine learning
of templates. Regression-based techniques, e.g., including
most adaptive-filter based techniques, require a reference
signal that contains a (more or less) pure realization of the
artifact itself. One limitation of regression-based techniques
lies in that a practical reference signal does not exist in gen-
eral. Wavelet-based methods assume that the artifacts are
temporally structured such that they can be captured by a
small number of Wavelet coefficients. However, the method-
ology behind wavelet-based methods does not apply to
unstructured or quasi-random artifacts, e.g., such as muscle
artifacts in EEG. Also, for example, the same limitation
applies to other types of temporal model-based methods, e.g.,
such as assuming the artifact to be comprised of damped
sinusoidals.

[0020] Existing techniques associated with removal of non-
stereotypical artifacts from signals including multi-channel
time series, e.g., such as EEG, ECoG, MEG, ECG signals, are
typically component-based techniques. What is common to
essentially all existing component-based artifact removal
methods is that only negligible statistical relationships
between a signal’s constituent components are assumed, e.g.,
since the decompositions giving rise to the components either
assume uncorrelatedness (e.g., for Principal Component
Analysis based techniques) or statistical independence (e.g.,
for Independent Component Analysis based techniques), or
sparse and typically undercomplete activations (for sparse
estimation based techniques). As a consequence, once a com-
ponent has been selected for removal, there is no principled
way to reconstruct the original (uncontaminated) signal por-
tion of the component itself, since all remaining components
are by design assumed to be unrelated and therefore do not
help explain the missing signal content.

[0021] Forthis reason, essentially any existing component-
based artifact removal method sets the component’s activa-
tion to zero, or equivalently subtracts the content of the com-
ponent, or equivalently reconstructs” the signal from all other
components, and therefore (i) loses signal energy and (ii)
results in pathological signal content for subspaces of inter-
est, e.g., thereby creating a major issue for subsequent signal
processing and analysis stages.

[0022] Disclosed are methods, systems, and devices for
processing a signal containing information.

[0023] In some aspects, methods are disclosed for remov-
ing artifact components (e.g., contaminated or noise compo-
nents) from a signal by reconstructing the contaminated data
ofthe artifact components with non-contaminated signal con-
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tent. The disclosed signal processing methods can adequately
mark components for removal while selectively preserving
the portion of activity in the removed component that is not
contaminated.

[0024] In some implementations, the artifact components
removed by the disclosed methods can include high-ampli-
tude, non-stationary and/or non-stereotypical artifacts from
ongoing signals in real-time. For example, the disclosed
methods can be applied to physiological signals, e.g., such as
EEG, ECoG, MEG, ECG, and EMG, among others, e.g., with
very low (and frequently negligible) residual. In some imple-
mentations of the disclosed methods, the signals can include
multi-channel signals, or single channel signals that have
been expanded to a multi-channel signal, e.g., by using tech-
niques such as delay-embedding, where lagged versions of
the same channel are taken as multiple channels, and/or by
other techniques, possibly non-linear, for generating the
multi-channel signal, e.g., via a kernel embedding.

Exemplary Embodiments

[0025] Inanexemplary embodiment of the disclosed signal
processing method, the method includes using two comple-
mentary signal decompositions (e.g., component representa-
tions), in which one serves as a baseline that characterizes the
nominal (non-corrupted) signal content (e.g., the baseline
decomposition), and the other characterizes the potentially
corrupted current (short-time) signal content under consider-
ation for repair (e.g., the current decomposition). Each signal
decomposition is a complete representation, e.g., defining a
full-rank matrix. In some implementations, the two decom-
positions can be estimated given different portions of the
signal, e.g., from abaseline window in the case of the baseline
decomposition, and from the current window in the case of
the current decomposition, and/or the two decompositions
can be estimated utilizing different and complementary sta-
tistical assumptions, e.g., such as artifact-sensitive statistics
on the current signal window vs. statistics for estimating
nominal signal parameters on a baseline signal window. The
two decompositions are used by a reconstruction method,
e.g., in which the current signal can be assumed to be a sum of
nominal contents plus potentially some artifact contents, so
that both decompositions explain the same data in an over-
determined manner.

[0026] For example, the reconstruction logic of the dis-
closed signal processing method can include first partitioning
the components of the current decomposition into artifact and
non-artifact components using a threshold-like criterion that
is sensitive to a quantifiable characteristic of the signal (e.g.,
such as the amplitude or variance of the signal, a time course
or pattern such as a sinusoid or ECG pattern, or other char-
acteristic) in the signal component that it is applied to. And
second, for example, the reconstruction logic of the disclosed
signal processing method can include applying a linear trans-
form that re-estimates the content of the artifact subspace
from the non-artifact subspacein the current signal, e.g., since
two complete representations are available that describe the
signal in an overcomplete manner. For example, this process
caninvolve a non-linear operation that amounts to the equiva-
lent of solving an underdetermined linear system that designs
alinear transform (given the two decompositions). The linear
transform can be applied to a set of samples in a time window
with the effect of significantly removing the artifact content in
the output, e.g., optionally with adequate tapering for over-
lap-add online processing.
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[0027] Thecurrentdecomposition and the baseline decom-
position of the disclosed signal processing method are com-
puted and supplied to the reconstruction logic by separate
“feeder” stages, where the current decomposition is depen-
dent on the current signal segment.

[0028] FIG. 1A shows a diagram of an exemplary signal
processing method of the disclosed technology to remove
artifacts from multi-channel signals. The method includes a
process 152 to obtain a first signal decomposition of a multi-
channel baseline signal in a first matrix including nominal
non-artifact signal components and to obtain a second signal
decomposition of a multi-channel data signal in a second
matrix including artifact components, in which the first and
second matrices are complimentary matrices. The method
includes a process 154 to form a linear transform by non-
linearly combining the complementary matrices. The method
includes a process 156 to produce an output signal corre-
sponding to the multi-channel data signal by applying the
formed linear transform to one or more samples of the multi-
channel data signal to remove artifacts and retain non-artifact
signal content in the output signal.

[0029] Implementations of the method can include one or
more of the following exemplary features. In some imple-
mentations, the process to form the linear transform by non-
linearly combining the two complementary matrices can
include classifying the signal components into artifact and
non-artifact components using a binary classification crite-
rion. For example, the binary classification criterion can be
selected as a quantifiable characteristic of the signal sensitive
to the amplitude, variance, and/or a pattern of the time course
of the signal. For example, the binary classification criterion
caninclude a data-dependent or empirically estimated param-
eter or parameters, in which the parameter or parameters
provide a soft or hard threshold to classify the signal compo-
nents. Examples of providing a soft threshold include using a
sigmoidal response function, and examples of providing a
hard threshold include using a step function. In some imple-
mentations of the method, for example, the multi-channel
signal can include an EEG, MEG, ECoG, ECochG, ECG,
and/or EMG signal. In some implementations, for example,
the multi-channel signal can include a single-channel signal
augmented to multiple channels, in which at least some chan-
nels of the multiple channels have a replicate of the single-
channel signal that is temporally modified.

[0030] In some implementations of the method, for
example, when the artifact content in the multi-channel data
signal (e.g., the to-be-cleaned or corrected signal) is assumed
to be non-stationary (e.g., based on non-stationary projec-
tions/changing sets of components, etc.), then the signal
decomposition of the multi-channel data signal can be
applied to one or more segments of that data (e.g., otherwise
overlapped segmentation is not strictly necessary). In some
implementations, for example, the baseline signal can include
a multi-channel calibration signal (e.g., containing presum-
ably no artifacts) corresponding to the multi-channel data
signal, which may contain artifacts to be corrected. In some
implementations, for example, the multi-channel baseline
signal includes at least a portion of the multi-channel data
signal. For example, the baseline signal used in the method
can be the same signal as the data signal used. In such imple-
mentations, for example, the method can include using an
estimator to form the first matrix (e.g., of the nominal, non-
artifact signal components) that is insensitive to robust arti-
facts.
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[0031] In some implementations of the method, for
example, the multi-channel baseline signal can include a cali-
bration signal corresponding to the multi-channel data signal
or a predetermined signal. In some implementations, for
example, the first signal decomposition can be configured as
a component representation of the multi-channel baseline
signal. In some implementations, for example, the second
signal decomposition can be configured as a component rep-
resentation of the multi-channel data signal, or as a compo-
nent representation of the multi-channel baseline signal.

[0032] In some implementations of the method, for
example, the second matrix can include eigenvectors of a
principal component analysis of a short signal segment or
resulting from an alternative decomposition of the short sig-
nal segment capable of isolating high-amplitude components,
and in which the non-linearly combining the two complemen-
tary matrices can include solving an underdetermined linear
system. In some implementations, for example, the method
can further include estimating the second matrix from data
containing low artifact content, the estimating including mak-
ing an explicit or an implicit assumption of low artifact con-
tent.

[0033] FIG. 1B shows a block diagram of an exemplary
signal processing method of the disclosed technology. For
example, the signal processing method includes a signal
reconstruction method, which is depicted by the reconstruc-
tion logic (block 101) at the core of the signal processing
method. The reconstruction logic block 101 includes the
pathway of an input signal Xt, which can be the entirety of the
multi-channel signal to be processed, or a segment of that
signal, possibly overlapped with previous and/or subsequent
segments. The input signal Xt can be provided from an
optional initial taper stage (block 102) to the reconstruction
logic block 101. For example, in implementations using the
taper stage block 102, a window function or taper function
can be applied to the signal, that is, reweights the segment
such that there is a smooth falloff to zero amplitude at both
ends of the window. An input signal X that is used for statis-
tical analysis of the immediate neighborhood of Xt can be
provided from the optional taper stage block 102 to one or
more various blocks, e.g., such as an input decomposition
estimator (block 107), that feeds information to the recon-
struction logic block 101. The signal processing method
includes a baseline decomposition estimator (block 108) that
provides the baseline decomposition matrix B to the recon-
struction logic block 101; the baseline decomposition estima-
tor may utilize a baseline signal Y in order to determine the
baseline decomposition. For example, the baseline decompo-
sition can include a matrix containing the nominal (non-
artifact) signal components. The signal processing method
includes a threshold parameter estimator (block 109) that
provides the matrix T to the reconstruction logic block 101,
which represents a quantifiable characteristic of each of the
components, e.g., which can be used by the reconstruction
logic block 101 as a threshold in the reconstruction method.
The reconstruction method (the reconstruction logic block
101) includes a component classifier (block 106), a recon-
struction solver (block 105), and a linear re-projection stage
(block 104).

[0034] The central element of the signal processing method
is the reconstruction logic (block 101). The reconstruction
logic block 101 receives a zero-mean (e.g., appropriately
high-pass filtered) input signal segment Xt which may
optionally be tapered (block 102, for example via a Hann
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window function). The reconstruction logic block 101 out-
puts a processed version of the signal segment Xt' from which
artifact components (e.g., such as high-amplitude artifact
components) have been removed. In some implementations,
for example, the output segment Xt' may be added to an
output time series within an overall incremental or real-time
signal processing implementation by an optional overlap-add
method (block 103). The signal processing method can also
be applied to each sample of a time series individually (al-
though at considerable computational cost), and successive
tapers and window sizes need not necessarily be identical.
The transformation that the reconstruction logic applies to Xt
may depend on several other (data-dependent) inputs to the
reconstruction logic, as described later in this patent docu-
ment.

[0035] Described here is the operation of the reconstruction
logic (block 101). The final stage of this block is a linear
transformation (block 104) of the input signal Xt into the
output signal Xt' by applying a re-projection matrix R. The
re-projection matrix R is a linear transform formed by the
reconstruction solver (block 105) by non-linearly combining
two complimentary matrices of signal components, e.g., the
matrix B containing nominal or non-artifact signal compo-
nents, and a matrix A containing artifact components of a
short signal segment. Application of the matrix R to the signal
serves to ensure that that artifact components of a particular
quantifiable characteristic are projected out of the resultant
signal. The matrix R is adaptively formed by the reconstruc-
tion solver (block 105).

[0036] The reconstruction solver (block 105) generates
(e.g., estimates) the re-projection matrix R by solving an
underdetermined linear system which is given by several
other data-dependent matrices including the baseline decom-
position (matrix B) and the artifact decomposition (matrix A)
by performing a binary classification.:

[0037] (1) The artifact decomposition A, which is a full-
rank matrix of component vectors that describe components
of the current input signal Xt. Each vector in A describes the
linear projection of a source component in Xt onto the chan-
nels, and it is assumed that, if Xt contains artifact compo-
nents, these would be representable by a linear combination
of a small number of components in A (i.e., A contains can-
didates of artifact components aside from potentially other
signal components).

[0038] (2) The baseline decomposition B, which is a full-
rank matrix of component vectors which are assumed to
describe “nominal” (non-corrupted) signal components in Xt,
or at least capture the nominal covariance structure between
some latent components and channels in the signal. While
both matrices are complete representations of components in
Xt, they describe different (and crucially, non-identical ) com-
ponents, namely potential artifacts plus miscellaneous com-
ponents in the case of A and primarily uncorrupted compo-
nents in the case of B.

[0039] (3) The 0/1-valued flag vector f, which describes
which of the components in A are considered artifacts and
which are considered non-artifacts. In some implementa-
tions, f is a binary input into the reconstruction solver (block
105). For example, without loss of generality in the subse-
quent description, it is assumed that if the k’th component in
A is flagged as an artifact, the k’th element of fis 1, otherwise
0.

[0040] The operation of the reconstruction solver (block
105) is to design a matrix such that the component subspace
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spanned by the artifact components in A is re-estimated from
the non-artifact subspace in A, based on the mutual correla-
tion between these two subspaces. While according to A alone
there is not necessarily any such correlation, the non-artifact
components in B however project into both subspaces (except
in the rare circumstance where A’s artifact components are
perfectly aligned with B’s components). In this sense B
couples the two subspaces statistically and allows to infer or
re-estimate activity in the contaminated subspace from non-
contaminated data. Note that, while channels in Xt' may end
up being linearly dependent after an artifact was removed this
does not in general reduce the rank of the overall time series,
since the applied re-projection matrix varies over time when
derived in a segment-by-segment fashion, in particular when
artifacts are non-stationary.

[0041] To formally derive the operation of the solver, let
G=A"B be the baseline decomposition B after transformation
into the component space defined by A (instead of the matrix
transpose A7 one may use the inverse A" if A is non-orthogo-
nal throughout the remainder of the description). This matrix
describes how components in B project into the components
of A. Let H=diag(1-1)G be the restriction of this projection to
only the non-artifact subspace in A where diag(1-f) is a
diagonal matrix that scales the contribution of B to flagged
artifact components to zero. Now define U=H* to be the
Moore-Penrose pseudoinverse of H, which is the smallest
matrix that solves the problem of estimating the activations of
each component in B from only the non-artifact components
in A. The overall reconstruction operation is now the concat-
enation of the following four linear operations: R=AGUAT,
which can be read (from right to left) as: 1) project signal into
the space of components in A, 2) estimate activations of the
baseline components from only the non-artifact components
in A, 3) back-project from cleanly estimated baseline com-
ponents onto all components in A including former artifact
components, 4) back-project from the re-estimated compo-
nents in A onto channels. This operation can be further sim-
plified to the final re-projection matrix R as:

R = AATB(diag(1 - £)ATB) AT

= B(diag(1 - ATB) AT

[0042] This equation admits several reformulations that
vield equivalent results (for example explicitly splitting the
matrix A, or applying the pseudoinverse to a horizontal or
vertical concatenation of matrices, or utilizing the singular
value decomposition or eigenvalue decompositions to imple-
ment the pseudoinverse operator) and some reformulations
that yield very similar though neither identical nor more
accurate results and it is understood that alternative formula-
tions that result in such solutions for the matrix R and that can
be represented in terms of matrices matching the description
of A and B are covered within the spirit and scope of the
disclosed technology.

[0043] Note that it is possible to write the operation diag
(1-HAT for orthonormal A as (Adiag(1-f))*, which visually
resembles a key term in R, but note that this is merely an
expensive way to calculate the transpose of a thresholded
A—the simple identity breaks down once the (generally non-
orthogonal) matrix B is introduced.

[0044] Described here is how the artifact flagging vector fis
determined using the component classifier (block 106). The
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component classifier 106 receives the set of components of
matrix A, some of which may be artifacts, as well as an
estimate of the per-component energy or amplitude e. For
notational clarity, written here is the function applied by 106
to each component v and its associated energy value e as f(v,e)
where it is understood that the method is applied in the same
manner to all components of A. First and foremost, there is a
variety of ways to flag a component v as artifact or non-
artifact. The purpose of the method as described is to remove
high-amplitude artifacts since these have the greatest (detri-
mental) effect on the outcome of subsequent signal process-
ing stages (although it is certainly possible to apply the pro-
cessing also to other kinds of artifact/non-artifact
classifications). In line with this goal the criterion is based on
the amplitude (or energy) e (or a function thereof) for a given
component v, which form the two variable inputs to the clas-
sifier. The third input is a threshold representation T, which
captures the energy threshold above which a component
would be flagged as an artifact. Depending on the exact cri-
terion, T might be a simple scalar threshold for e (such that
f{v,e):=1 if T, otherwise 0), or a vector that holds per-
channel thresholds (then a practical example would be f(v,e):
=1ife"a>Tv7, otherwise 0), or a matrix that holds a direction-
dependent threshold.

[0045] For example, an exemplary embodiment of the com-
ponent classifier is T being a matrix capturing a direction-
dependent threshold where f is defined by f(v,e)=1 if
e’a>|[Tvl,, otherwise 0. for some constants a and p (if e is the
signal variance in component v, a would ideally be %2 and p
would be 2). In this case T would be the concatenation of a
transformation followed by a non-uniform scaling, which can
be understood as the mapping into a space of components
followed by a per-component scalar threshold, followed by
the Euclidean norm of the per-component thresholds.

[0046] In an alternative embodiment, for example, the
method can include defining f(v,e):=1 if e>g(diag(vTv7)) oth-
erwise 0 where g( ) is some scalar function (typically mono-
tonic) and T is a covariance matrix, where the term diag
(vIvY) represents the projected variance if v is the spatial
filter for a given component. The benefit of such a represen-
tationis that the free parameter is an easily computed property
(as opposed to some component representation with compo-
nentwise thresholds) although at the cost of a potentially
weaker overall criterion. A more or less principled functional
form for g( ) can be derived from X statistics as they apply to
the projected variance.

[0047] Insome embodiments, for example, the method can
implement f(v,e) using a classifier determined via machine
learning (for example, a kernel support vector machine) that
is parameterized by weights T.

[0048] In the following, described here is how the artifact
decomposition A for the input signal X can be estimated using
the input decomposition estimator (block 107). In some
implementations, for example, like that shown in FIG. 1B, the
only input to this block is the input signal segment X, possibly
tapered, but not necessarily in the same way as Xt (X might
cover a longer signal portion, for example). The task of this
block is to produce a full-rank matrix of component vectors A
such that, if Xt contains artifact components, these can be
represented by a small number of components in A (with high
probability). There are several ways to arrive at such a matrix.
For example, in some implementations, the primary goal may
include the capture high-amplitude components accurately.
Thus, in one exemplary embodiment, for example, this block
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is implemented using a Principal Component Analysis
(PCA), i.e., an eigenvector decomposition A=eig(cov(X")) of
a signal segment X' which is either identical to X or a tem-
porally or spectrally filtered/shaped version of X. Another
reason for the choice of a PCA are the relatively low compu-
tational requirements compared to some other methods, such
as Independent Component Analysis, sparse coding, dictio-
nary learning, or variants thereof, which are however
included in the spirit of the disclosed technology. The
optional filtering, which may be implemented in a variety of
ways, such as via a FIR, IIR or FFT-based filter allows to
make the sensitivity of the measure A frequency-specific,
which allows to incorporate prior knowledge on the spectrum
of likely artifact components or conversely non-artifact com-
ponents into the design of A. Note that this filtered signal X'
does not enter the reconstruction logic block—it only affects
the matrix A.

[0049] In an alternative embodiment, for example, the
decomposition matrix A can be estimated under consider-
ation of some prior knowledge of expected signal compo-
nents (and potentially independently of X', although it can be
believed that this would severely limit the utility of the
method), and in particular knowledge of expected artifact and
non-artifact components. In the case of EEG, this can be
implemented based on anatomical knowledge of locations
and orientations of artifact and non-artifact generators in and
around the brain in relationship to the sensor (channel) loca-
tions.

[0050] Aside from A, the input decomposition estimator
can estimate also the energies (or functions thereof) of the
components in A as they occur in the signal segment X'
(defined as before). This exemplary arrangement is for sim-
plicity of the exposition only and not intended to imply a
limitation of the disclosed technology; without loss of gener-
ality these same quantities can also be estimated at any other
stage of a practical implementation where both A and X' (or
equivalent) are available. One way to compute these energies
is to calculate the variance of the signal after projection by A,
ie., e=varlAX'], or equivalently e=diag(AX'X'A') for a
zero-mean signal X'. If A is overcomplete the energies may
also be estimated using a more complex estimation proce-
dure, such as the (group) LASSO or sparse Bayesian learning,
although it can be assumed this to be a rather expensive
approach. An exemplary embodiment of this process, for
example, is to obtain the variances of the signal components
directly from the eigenvector decomposition of the PCA
(namely by defining the vector e as the eigenvalues associated
with the components in A).

[0051] Described here is the baseline decomposition esti-
mator (block 108). This block produces a full-rank matrix B
of latent “nominal” (non-artifact) signal components into
which the input signal X may be decomposed. Since it can be
assumed that X may both be contaminated and also rather
short (perhaps at the limit of statistical sufficiency), X alone
may not necessarily be the best piece of data to estimate such
a component representation. Nevertheless this is in principle
possible (for example using robust estimators like the geo-
metric median covariance matrix) and would be a corner case
of the disclosed technology.

[0052] There exist several ways to obtain a usable decom-
position into nominal components for X since in practice B
does not necessarily have to be of the highest possible quality.
One particular way is to estimate the decomposition based on
prior assumptions about non-artifact components. For
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example, in case of EEG, this can be implemented based on
physical knowledge of source locations, their orientations
and the location of the sensors (channels) relative to those
sources, for example using an electrophysiological head
model (e.g., from magnetic resonance scans). Another is to
estimate the components from data in a similar manner as
done for the decompositionmatrix A.

[0053] In an exemplary embodiment of the disclosed tech-
nology, B can be estimated from a signal segment Y, which
may either stem from a reference measurement made prior to
application of the method, or from a moving signal window
typically longer than X that precedes and possibly overlaps X,
or, in offline processing, from a potentially large subset of the
overall time series to be analyzed. Even if the data in Y can be
controlled well enough to ensure low artifact content, for
example, it can be preferable to estimate the decompositionin
amanner that is robust to artifacts and therefore less affected
by their presence. An empirical decomposition may be
obtained by using a variety of methods, such as Principal
Component Analysis, Independent Component Analysis,
sparse coding or dictionary learning, and variants thereof.
[0054] An exemplary approach is to first calculating the
spatial covariance matrix C of Y in a robust manner. This can
be achieved using the geometric median, i.e., optimizing C to
be matrix for which the sum of absolute differences between
C and Y,Y,” over all samples Y, is minimal. This yields a
convex optimization problem that can be solved conveniently
using subgradient descent or Weiszfeld’s algorithm. Next, B
is derived from C as the matrix square root B=sqrtm(C),
which can be calculated via an eigenvector decomposition,
followed by taking the square root of the eigenvalues, and
then re-combining the eigenvectors and eigenvalues.

[0055] For example, an alternative embodiment is to
replace the geometric median by the regular mean, which
yields a non-robust solution that should therefore be derived
from non-contaminated data. There are several more exem-
plary embodiments, listed here for completeness, for
example, those that calculate multiple full-rank covariance
matrices on short windows and then take a geometric median
in a non-Euclidean space using an appropriate distance met-
ric. The drawback of these methods is that they need to
pre-average over several samples to arrive at full-rank matri-
ces, which can easily result in artifactual samples entering the
computation in ways preventing them from being adequately
factored out by the robust estimation part.

[0056] Described is the threshold parameter estimation
(block 109). This block serves to determine the artifact
threshold representation T which is used in the component
classifier (block 106) described before. Depending on the
type of classifier chosen in an implementation, different esti-
mation procedures are applicable. Forexample, in general the
threshold may be based on prior knowledge alone without
considering any available data, for example in case of EEG
the threshold might be set at a standard cutoff for EEG volt-
age, such as 250 mV. In practice a uniform threshold is a
rather inadequate choice since not only can the nominal
amplitude vary across channels, but it can also depend on the
task or other conditions. Nevertheless, using a scalar thresh-
old would be crude application of the disclosed technology. It
is also possible to utilize a more sophisticated spatially vary-
ing or direction-dependent threshold purely derived from
prior knowledge.

[0057] In an exemplary embodiment, the threshold param-
eter T is estimated empirically from a baseline signal, such as
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the signal Y that is also used to derive the baseline decompo-
sition, although it is possible to utilize a different (potentially
more appropriate) signal for this purpose.

[0058] In an exemplary embodiment, assumed is that T is
estimated as a threshold matrix which is applied in the com-
ponent classifier in a form similar to |[Tv]}, (block 1086, ¢ 1.,
previous description of the component classifier). Then, T
may be understood as the concatenation of the transformation
of a direction vector into a latent component space here
denoted as L followed by componentwise non-uniform scal-
ing S=diag(s) for some scales s, such that T=SL.Z. The vector
of scales s represents the thresholds for each component.

[0059] Latent component [ may be obtained through any
mechanism appropriate for learning the baseline decomposi-
tion B, and in fact L may be identical to B (in an exemplary
implementation it is in fact identical, although this need not
necessarily be so).

[0060] Given L, the thresholds s for each component may
now, for example, be estimated empirically from the matrix of
component activations V=L"Y" where Y' is either identical to
Y or equals Y after application of temporal or spectral filter-
ing of a similar nature as done for X' in the application of the
input decomposition estimator (block 107, c.f. previous
description of the input decomposition estimator). Since the
thresholds are ultimately to be compared with the energies
estimated by block 107, it can be preferable to use filter
procedures with the same parameters in both cases. One way
to obtain a threshold s, for the k’th channel V. (of component
activations in V) is to set it to a particular quantile in the
empirical distribution of signal energy values observed in V,,
(either taken over average energy estimates in short succes-
sive segments of V, or taken over the single-sample limits,
e.g., V,(t)?). One example would be to set them to the 90%
quantile. For example, a somewhat more sophisticated way is
to estimate not only the mean energy or amplitude in V,, but
also its variation (i.e., standard deviation), e.g., both in a
robust manner (e.g., based on median absolute deviations),
and then to set the threshold at z standard deviations above the
mean channel energy, where 7 is a user-configurable param-
eter (such as z=3). The benefit of this approach is the very
reliable behavior and the intuitive semantics of the user-
tunable parameter.

[0061] An alternative embodiment, for example, is the case
where the component classifier is defined in terms of a cova-
riance matrix T as opposed to a threshold matrix (c.f., descrip-
tion of the component classifier). In this case, the estimation
procedure for T is simpler and amounts to merely computing
(or assuming based on some prior knowledge) a covariance
matrix that is characteristic of a nominal signal. Since the
covariance matrix needs to be reflective of any temporal or
spectral filtering applied in the input decomposition estimator
(block 107, cf. previous description), it can be preferably
calculated on a signal Y' after application of temporal or
spectral filtering with the same parameters as the one applied
to X' in block 107. Note that a signal different from the
baseline’Y can be used here as data to be filtered, although an
exemplary approach is to use the baseline signal. Given the
filtered signal, the covariance matrix T can then be computed
either non-robustly as T=cov(Y"), or using a robust method
such as the geometric median as outlined in the description of
the baseline decomposition estimator (block 108, c.f. previ-
ous description). One exemplary way is to use the robust
variant.
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[0062] Since the method is in practice often applied to
overlapped segments of data, and therefore to overlapped
segments X, as well as possibly to overlapped segments Y (if
Y is a running baseline), several efficiency considerations
apply, most of which are reformulations of the methods
described before with little to no impact on the behavior of the
implementation or the mathematics and statistics of the
approach.

[0063] For clarity of the description, many of these appli-
cable optimizations have been omitted and it is understood
that anyone skilled in the relevant arts will be able to derive
and apply a variety of well-known reformulations. Such opti-
mizations include, for example, the use of recursive estima-
tion for the relevant statistics (such as recursive moving-
average estimation for the various average statistics such as
the covariance matrices, recursive running medians for robust
statistics, recursive estimation of the geometric median and
other non-linear statistics via stochastic (sub-)gradient
descent or variants thereof, warm-starting for certain iterative
estimation procedures (such as the eigenvalue and singular
value decompositions) as well as recursive least-squares tech-
niques or other well-known online variants for computations
such as Principal or Independent Component Analysis, dic-
tionary learning and sparse coding). Note that despite a large
potential for further optimization of the method, the core
implementation is fast enough for practical use in a wide
variety of settings, in particular when a fixed baseline window
Y is used.
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[0064] In one exemplary embodiment, the signal process-
ing method to reconstruct a signal removing artifacts can be
represented by the exemplary program code below.

[0065] For example, the following portion of the program
code can be used for implementing blocks 108 and 109, e.g,,
which can be implemented in MATLAB.

function state=calibrate(X,cutoff,blocksize,B,A)
[C,S] = size(X);
[X,Z1] = filter(B,A,double(X),[ 1,2):X =X}
U = zeros(length(1:blocksize:S),C*C);
for k=1:blocksize
range = min(S, k:blocksize:(S+k-1));
U = U + reshape(bsxfun(@times,reshape(X(range,:),[ 1,1,C),...
reshape(X(range,:),[ 1,.C,1)),size(U));
end
M = sqrtmireal(reshape(block_geometric_median(U/blocksize),C,C)));
[V.D] =eig(M);
X = abs(X*V);
T = diag(median(X) + cutoff*1.3652*mad(X,1))*V";
state = struct('M",M,"T",T,"B’,B,°A", A *cov’,[ ], carry’,[ ],iir",Zf);

[0066] For example, the following portion of the program
code can be used for implementing the remaining blocks of
FIG. 1B, e.g., which can be implemented in MATLAB.

function

[data,state]=process(data,srate, state,wndlen,lookahead,stepsize, maxdims,maxinem)
[C,S] = size(data);
N = round(wndlen*srate);
P = round(lookahead*srate);
[T,M,A,B] = deal(state. T,state.M,state. A state.B);
data = [state.carry data];
splits = ceil((C*C*S*8#8 + CHC*8*S/stepsize + CFS*8*2 + §*8*3) /..
(maxmem®*1024%1024 - C*C*P*8%3));
for i = O:splits-1
range = 1+floor(i*S/splits) : min(S,floor((i+1)*S/splits));
if ~isempty (range)
[Xstate.iir] = filter(B,A double(data(:,range+P)) state.iir,2);
[Xcov,state.cov] = moving_average(N,reshape( ...
bsxfun(@times,reshape(X,1,C,[ ]),reshape(X,C,1,[ 1)),.C*C,[ ]).state.cov);
update_ ar = min(1:stepsize:(size(Xcov,2)+stepsize-1),size(Xcov,2));
Xcov = gather(reshape(Xcov(:,update_at),C,C,[ 1));
[last_nlast R last trivial] = deal(0,eye(C),true);
for j = L:length(update__at)

end
end
end

[V,D] = eig(Xcov(:,:,)));
keep = D<sum((T*V).A2) | (1:C)<(C-maxdims);
trivial = all(keep);
if ~trivial
R = real(M*pinv(bsxfun{@times,keep’,V*M) *V");
else
R = eye(C);
end
n = update_at(j);
if ~trivial || ~last_trivial
subrange = range((last_n+1):n);
blend = (1-cos(pi*(1:(n-last_n))/(n-last_n}))/2;
data(:,subrange) = bsxfun(@times,blend,R*data(:,subrange)) +

bsxfun(@times,1-blend,last_ R*data(:,subrange));
end
[last_n,last_ R last trivial] = deal(n,R trivial);
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-continued
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state.carry = [state.carry data(:,(end-P+1):end)];
state.carry = state.carry(:,(end-P+1 ):end);
state.iir = gather(state.iir);

state.cov = gather(state.cov);

data = data(:,1:(end-P));

[0067] Exemplary implementations of the disclosed
method were applied to multi-channel EEG data, and plots of
representative data are shown. FIG. 2 shows exemplary
results of implementations of the disclosed method in a data
plot with the original signal (e.g., labeled and depicted in
orange) and a reconstructed signal (e.g., superimposed on the
data plot, labeled, and depicted in blue).

[0068] FIG. 3 shows an exemplary computation system for
implementing the disclosed methods. FIG. 3 shows one
aspect of an exemplary computation or computer system of
the disclosed technology capable of implementing the dis-
closed signal processing methods, in which the computation
or computer system includes a processing unit. The process-
ing unit can include a processor to process data that can be in
communication with a memory unit to store data. The pro-
cessing unit can further include an input/output (1/O) unit,
and/or an output unit. The exemplary processing unit can be
implemented as one of various data processing systems, €.g.,
such as a personal computer (PC), laptop, tablet, and mobile
communication device. To support various functions of the
processing unit, the exemplary processor can be included to
interface with and control operations of other components of
the exemplary processing unit, e.g., including, but not limited
to, an I/O unit, an output unit, and a memory unit.

[0069] To support various functions of the exemplary pro-
cessing unit of FIG. 3, the memory unit can store other infor-
mation and data, such as instructions, software, values,
images, and other data processed or referenced by the pro-
cessor. Various types of Random Access Memory (RAM)
devices, Read Only Memory (ROM) devices, Flash Memory
devices, and other suitable storage media can be used to
implement storage functions of the memory unit. The exem-
plary memory unit can store data and information. The
memory unit can store the data and information that can be
used to implement an exemplary signal processing method of
the disclosed technology and that can be generated from an
exemplary algorithm and model.

[0070] To support various functions of the exemplary pro-
cessing unit of FIG. 3, the I/O unit can be connected to an
external interface, source of data storage or processing, and/
or display device to receive and transmit data to such inter-
face, storage or processing source, and/or device. For
example, various types of wired or wireless interfaces com-
patible with typical data communication standards, such as
Universal Serial Bus (USB), IEEE 1394 (FireWire), Blue-
tooth, IEEE 802.111, Wireless Local Area Network
(WLAN), Wireless Personal Area Network (WPAN), Wire-
less Wide Area Network (WWAN), WiMAX, IEEE 802.16
(Worldwide Interoperability for Microwave Access
(WIMAX)), and parallel interfaces, can be used to implement
the 1/0 unit. The [/O unit can interface with an external
interface, source of data storage, or display device to retrieve
and transfer data and information that can be processed by the
processor, stored in the memory unit, or exhibited on the
output unit.

[0071] To support various functions of the exemplary pro-
cessing unit of FIG. 3, the output unit can be used to exhibit
data implemented by the processing unit. The output unit can
include various types of display, speaker, or printing intet-
faces to implement the exemplary output unit. For example,
the output unit can include, but is not limited to, a cathode ray
tube (CRT), light emitting diode (LED), or liquid crystal
display (LCD) monitor or screen as a visual display to imple-
ment the output unit. In other examples, the output unit can
include, but is not limited to, toner, liquid inkjet, solid ink, dye
sublimation, inkless (such as thermal or UV) printing appa-
ratuses to implement the output unit. Also, for example, the
output unit can include various types of audio signal trans-
ducer apparatuses to implement the output unit. The output
unit can exhibit the data and information, as well as store the
data and information used to implement an exemplary pro-
cess of the disclosed technology and from an implemented
process.

Examples

[0072] The following examples are illustrative of several
embodiments of the present technology. Other exemplary
embodiments of the present technology may be presented
prior to the following listed examples, or after the following
listed examples.

[0073] In an example of the present technology (example
1), a method for processing a signal to remove artifacts,
comprising includes obtaining a first signal decomposition of
a multi-channel baseline signal in a first matrix including
nominal non-artifact signal components and a second signal
decomposition of a multi-channel data signal in a second
matrix including artifact components, in which the first and
second matrices are complimentary matrices; forming a lin-
ear transform by non-linearly combining the complementary
matrices; and producing an output signal corresponding to the
multi-channel data signal by applying the formed linear trans-
form to one or more samples of the multi-channel data signal
to remove artifacts and retain non-artifact signal content in
the output signal.

[0074] Example 2 includes the method as in example 1, in
which the forming the linear transform by non-linearly com-
bining the two complementary matrices can include classify-
ing signal components of at least one of the multi-channel
baseline signal or the multi-channel data signal into artifact
and non-artifact components using a binary classification
criterion.

[0075] Example 3 includes the method as in example 2, in
which the binary classification criterion is selected to be
sensitive to a quantifiable characteristic of the signal includ-
ing at least one of amplitude, variance, or a pattern in a time
course of the signal.

[0076] Example 4 includes the method as in example 2, in
which the binary classification criterion can include a data-
dependent or empirically estimated parameter or parameters,
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the parameter or parameters providing a soft or hard threshold
to classify the signal components.

[0077] Example 5 includes the method as in example 1, in
which the multi-channel data signal can include electroen-
cephalograms (EEG), magnetoencephalogram (MEG), elec-
trocorticograms (ECoG), electrocochleograms (ECochG),
electrocardiograms (ECG), and/or electromyograms (EMG).
[0078] Example 6 includes the method as in example 1, in
which the multi-channel data signal can include a single-
channel signal augmented to multiple channels, in which at
least some channels of the multiple channels having a repli-
cate of the single-channel signal that is temporally modified.
[0079] Example 7 includes the method as in example 1, in
which the multi-channel baseline signal can include a cali-
bration signal corresponding to the multi-channel data signal
or a predetermined signal.

[0080] Example 8 includes the method as in example 1, in
which the multi-channel baseline signal can include at least a
portion of the multi-channel data signal.

[0081] Example 9 includes the method as in example 1, in
which the first signal decomposition can include a component
representation of the multi-channel baseline signal.

[0082] Example 10 includes the method as in example 1, in
which the second signal decomposition can include a com-
ponent representation of the multi-channel data signal.
[0083] Example 11 includes the method as in example 1, in
which the second signal decomposition can include a com-
ponent representation of the multi-channel baseline signal.
[0084] Example 12 includes the method as in example 1, in
which the second signal decomposition of the multi-channel
data signal can include a signal decomposition or a compo-
nent representation of a segment of the multi-channel data
signal.

[0085] Example 13 includes the method as in example 1, in
which the first matrix primarily can include the nominal non-
artifact signal components.

[0086] Example 14 includes the method as in example 1, in
which one orboth of'the first matrix and the second matrix can
include eigenvectors of a principal component analysis.
[0087] Example 15 includes the method as in example 1, in
which the second matrix can include eigenvectors of a prin-
cipal component analysis of a short signal segment or result-
ing from an alternative decomposition of the short signal
segment capable of isolating high-amplitude components,
and in which the non-linearly combining the two complemen-
tary matrices can include solving an underdetermined linear
system.

[0088] Example 16 includes the method as in example 1, in
which the method can further include estimating the second
matrix from data containing low artifact content, the estimat-
ing including making an explicit or an implicit assumption of
low artifact content.

[0089] In another exanmiple of the present technology (ex-
ample 17), a computer program product comprising a com-
puter-readable storage medium having code stored thereon,
the code, when executed, causing a processor of a computer
or computer system in a communication network to imple-
ment a method for processing a signal to remove artifacts, in
which the computer program product is operated by the com-
puter or computer system to implement the method compris-
ing: obtaining a first signal decomposition of a multi-channel
baseline signal in a first matrix including nominal non-artifact
signal components and a second signal decomposition of a
multi-channel data signal in a second matrix including arti-
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fact components, in which the first and second matrices are
complimentary matrices; forming a linear transform by non-
linearly combining the complementary matrices; and produc-
ing an output signal corresponding to the multi-channel data
signal by applying the formed linear transform to one or more
samples of the multi-channel data signal to remove artifacts
and retain non-artifact signal content in the output signal.

[0090] Example 18 includes the computer program product
as in example 17, in which the forming the linear transform by
non-linearly combining the two complementary matrices can
include classifying signal components of at least one of the
multi-channel baseline signal or the multi-channel data signal
into artifact and non-artifact components using a binary clas-
sification criterion.

[0091] Example 19 includes the computer program product
as in example 18, in which the binary classification criterion
is selected to be sensitive to a quantifiable characteristic ofthe
signal including at least one of amplitude, variance, or a
pattern in a time course of the signal.

[0092] Example20 includes the computer program product
as in example 18, in which the binary classification criterion
can include a data-dependent or empirically estimated param-
eter or parameters, the parameter or parameters providing a
soft or hard threshold to classify the signal components.

[0093] Example21 includes the computer program product
as in example 17, in which the multi-channel data signal can
include electroencephalograms (EEG), magnetoencephalo-
gram (MEG), electrocorticograms (ECoG), electrocochleo-
grams (ECochG), electrocardiograms (ECG), and/or elec-
tromyograms (EMG).

[0094] Example22 includes the computer program product
as in example 17, in which the multi-channel data signal can
include a single-channel signal augmented to multiple chan-
nels, in which at least some channels of the multiple channels
having a replicate of the single-channel signal that is tempo-
rally modified.

[0095] In another example of the present technology (ex-
ample 23), a method for removing artifacts from an electro-
physiological signal includes producing a first signal decom-
position or component representation of a multi-channel
baseline signal in a first matrix and a second signal decom-
position or component decomposition of a measured multi-
channel data signal of an electrophysiological signal from a
subject, in which the first matrix includes nominal non-arti-
fact signal components and the second matrix includes arti-
fact components, and the first matrix and the second matrix
are complimentary matrices; forming a linear transform by
non-linearly combining the complementary matrices includ-
ing classifying signal components of one or both of the first
matrix and second matrix into artifact and non-artifact com-
ponents using a binary classification criterion; and producing
an output signal corresponding to the electrophysiological
signal by applying the formed linear transform to one or more
samples of the measured multi-channel data signal to remove
amplitude artifacts and retain non-artifact signal content in
the output signal.

[0096] Example 24 includes the method as in example 23,
in which the binary classification criterion is selected to be
sensitive to a quantifiable characteristic of the signal includ-
ing at least one of amplitude, variance, or a pattern in a time
course of the signal.

[0097] Example 25 includes the method as in example 23,
in which the electrophysiological signal can include electro-
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encephalograms (EEG), electrocorticograms (ECoG), elec-
trocochleograms (ECochG), electrocardiograms (ECG), and/
or electromyograms (EMG).

[0098] Example 26 includes the method as in example 25,
in which the multi-channel baseline signal can include an
EEG calibration signal recorded when the subject remains
stationary.

[0099] In another example of the present technology (ex-
ample 27), a method for removal of artifacts in multi-channel
signals includes forming a linear transform by non-linearly
combining two complementary matrices of signal compo-
nents of a data signal and a baseline signal, a first matrix
containing non-artifact signal components of the baseline
signal and a second matrix including artifact components of
the data signal; and applying the formed linear transform to
one or more samples of the data signal to reduce artifacts in
the one or more samples to which the linear transform is
applied, in which the applying includes retaining residual
non-artifact signal content in the signal components.

[0100] Example 28 includes the method as in example 27,
in which the first matrix primarily includes the non-artifact
signal components.

[0101] Example 29 includes the method as in example 27,
in which the second matrix is composed of eigenvectors of a
principal component analysis of a short signal segment of the
data signal or resulting from an alternative decomposition of
the signal segment capable of isolating high-amplitude com-
ponents.

[0102] Example 30 includes the method as in example 29,
in which the non-linearly combining the two complementary
matrices can include solving an underdetermined linear sys-
tem.

[0103] Example 31 includes the method as in example 27,
in which the method can further include estimating the sec-
ond matrix from data containing low artifact content, the
estimating including making an explicit or an implicit
assumption of low artifact content.

[0104] Example 32 includes the method as in example 27,
in which the non-linearly combining the two complementary
matrices can include classifying signal components into arti-
fact and non-artifact components.

[0105] Example 33 includes the method as in example 32,
in which the classifying the signal components can include
using a classification criterion that is substantially sensitive to
a quantifiable characteristic of the signal including at least
one of amplitude, variance, or a pattern in a time course of the
signal.

[0106] Example 34 includes the method as in example 32,
in which the classification criterion can include a data-depen-
dent or empirically estimated parameter or parameters, the
parameter or parameters serving a role as a soft or hard
threshold.

[0107] Exemplary Implementations Using a Wearable
EEG System
[0108] Inanother aspect of the disclosed technology, meth-

ods, systems, and devices are disclosed for real-time model-
ing and 3D visualization of source dynamics and connectivity
using wearable EEG systems.

[0109] Implementations of the disclosed systems and
devices can deliver real-time data extraction, preprocessing,
artifact rejection, source reconstruction, multivariate
dynamical system analysis (including spectral Granger cau-
sality) and 3D visualization as well as classification within
the open-source SIFT and BCILAB toolboxes.

Apr. 28,2016

[0110] Dynamic cortico-cortical interactions are central to
neuronal information processing. The ability to monitor these
interactions in real time may prove useful for Brain-Com-
puter Interface (BCI) and other applications, providing infor-
mation not obtainable from univariate measures, e.g., such as
bandpower and evoked potentials. Wearable (mobile, unob-
trusive) EEG systems likewise play an important role in BCI
applications, affording data collection in a wider range of
environments. However, reliable real-time modeling of neu-
ronal source dynamics using data collected in mobile settings
faces challenges, including mitigating artifacts and maintain-
ing fast computation and good modeling performance with
limited amount of data.

[0111] Described below are some of exemplary wearable
hardware and signal processing methods capable of address-
ing these challenges, contributing to the development of EEG
as a mobile brain imaging modality. Exemplary implementa-
tions of the disclosed real-time modeling and 3D visualiza-
tion technology were performed, showing that the application
of the disclosed methods can provide a pipeline to simulated
data and real EEG data obtained from a novel wearable high-
density (64-channel) dry EEG system.

[0112] The exemplary implementations included the fol-
lowing materials and methods. FIG. 4 shows a diagram of an
exemplary system of the disclosed technology including a
real-time data processing pipeline. The exemplary system
includes an exemplary 64-channel EEG system with flexible
active dry electrodes. A padded sensor is used on the forehead
locations for contact with bare skin. For through-hair record-
ings, a novel dry electrode is used, including a flexible plastic
substrate coated with a conductive surface. The legs of the
sensor push through hair to achieve contact with scalp, flat-
tening with pressure to minimize discomfort and injury. For
example, typical contact impedances were 100 kQ-1 MQ,
and high input impedance amplifiers were used to ensure
minimal signal degradation. For example, typical correlation
between simultaneously recorded averaged evoked potentials
(e.g., AEP, SSVEP, P300) for dry and standard wet electrodes
is 0.9 indicating comparable signal measurement. None-
theless, the dry electrodes may exhibit a higher level of drift
and low frequency noise due to the lack of gel and skin-
abrasion.

[0113] In implementations using the exemplary EEG sys-
tem, all electronics, e.g.. including preamplifiers, digitiza-
tion, battery (6-7 hour capacity), onboard impedance moni-
toring, micro-controller and Bluetooth transceiver were
contained in a miniature box at the rear of the headset. Signals
are sampled at 300 Hz with 24-bit precision. The total noise of
the data acquisition circuitry, within EEG bandwidth, was
lessthan 1 pV RMS. Event markers were transmitted from the
PC to the headset via a special low-latency wireless link
specifically optimized to minimize jitter (<500 microsec-
onds).

[0114] The exemplary implementations included pre-pro-
cessing and artifact rejection techniques. EEG data were
streamed into MATLAB (The Mathworks, Natick, Mass.),
and an online-capable pre-processing pipeline was applied
using BCILAB. Elements of this pipeline may be initialized
on a short segment of calibration data. These include rejection
(and optional re-interpolation) of corrupted data samples or
channels. In some implementations, for example, short-time
high-amplitude artifacts in the continuous data may be
removed online, using the disclosed methods (e.g., depicted
in FIGS. 1A and 1B), which are referred to as Artifact Sub-
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space Reconstruction (ASR). For example, the implementa-
tions of the disclosed ASR techniques included using a slid-
ing-window  Principal Component Analysis, which
statistically interpolates any high-variance signal compo-
nents exceeding a threshold relative to the covariance of the
calibration dataset. Each affected time point of EEG was then
linearly reconstructed from the retained signal subspace
based on the correlation structure observed in the calibration
data. In some implementations of the wearable FEG systems,
for example, artifacts may also be removed by rejecting a
subspace of ICA components pre-computed using an (over-
complete) decomposition on calibration data or adaptively
estimated using Online Recursive ICA. Artifactual compo-
nents may be identified automatically by fitting dipoles to
components and selecting a subspace of components to retain
based on heuristic criteria such as residual variance of dipole
fit or dipole anatomical coordinates and labels.

[0115] The exemplary implementations included source
reconstruction techniques. For example, following pre-pro-
cessing, one may estimate the primary current source density
(CSD) over a medium- to high-resolution cortical mesh (e.g.,
3751-12000 vertices). In the exemplary implementations, a
3751-vertex mesh was used. The default forward model
included a four-layer (e.g., skull, scalp, csf, and cortex)
Boundary Element Method (BEM) model derived from the
MNI Colin 27 brain and computed using OpenMEEG. For
inverse modeling, anatomically constrained LORETA with
Bayesian hyperparameter estimation was relied upon. This
approach can be well suited for real-time adaptive estimation
and automatically controls the level of regularization for each
measurement vector. The SVD-based reformulation was fol-
lowed for processing speed. Additionally, segmented were
the source space into 90 regions of interest (ROIs) using
Automated Anatomical Labeling (AAL). The user can com-
pute spatially averaged, integrated or maximal CSD for any
subset of these ROIs. Routines from an exemplary MoBILAB
toolbox freely available online were used.

[0116] The exemplary implementations included dynamic
system analysis. Preprocessed channel or source time-series
were forwarded to SIFT and an order-p sparse vector autore-
gressive (VAR[p]) model was fit to a short chunk of recent
data (e.g., 0.5-2 sec). The VAR coefficients were estimated
using Alternating Direction Method of Multipliers (ADMM)
with a Group Lasso penalty. Model estimation was warm-
started using the solution for the previous data chunk. The
regularization parameter can be initialized by cross-valida-
tion on the calibration data and/or adapted online using a
heuristic based on two-point estimates of the gradients of the
primal and dual norms. Model order can be selected offline,
by minimizing information criteria (e.g. AIC or BIC) on
calibration data. Following model fitting and tests of stability
and residual whiteness (autocorrelation function or Portman-
teau), obtained were the spectral density matrix and any of the
frequency-domain functional and effective connectivity mea-
sures implemented in SIFT. Graph-reductive metrics such as
degree, flow, and asymmetry ratio can be applied to connec-
tivity matrices. These measures may be piped to BCILAB as
features for subsequent classification or visualized in real
time. Available graphs include current density, power spectra,
connectivity, outflow, etc., in 2-D plots as well interactively
within a three-dimensional model of the head and brain.

[0117] The exemplary implementations included connec-
tivity classification. To learn robust predictive models on the
high-dimensional connectivity feature space (d>7000) from
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few trials, strong prior assumptions need to be employed, for
example. Applied was a regularized logistic regression,
implemented via ADMM, to log-transformed time/frequency
(T/F) Direct Directed Transfer Function (dDTF) measures
(vielding a 4-dimensional feature tensor across pairwise con-
nectivity, time and frequency). The regularization simulta-
neously employed a sparsifying 1,/1,+1, norm with one group
for each connectivity edge, containing its associated T/F
weights, plus three trace norm terms to couple the T/F weights
for all out-edges of a node, all in-edges of a node, and all
auto-edges across nodes, respectively, plus an 1, smoothness
term across time and frequency, respectively. The regulariza-
tion parameter for the data term was searched via (nested)
5-fold blockwise cross-validation over the range 2°, 272, .
., 271°. The relative weights of the regularization terms were
searched over 10 predefined joint assignments, although set-
ting all weights simply to 1 yielded comparable results.
[0118] The exemplary implementations included collect-
ing exemplary data using the described pipeline on both simu-
lated data and real (e.g., 64-channel) data collected in mobile
settings using the EEG hardware (shown in FIG. 4).

[0119] 1) Simulated Data: To test the ability of our pipeline
to accurately reconstruct source dynamics and connectivity in
real-time, generated was a five-dimensional VAR[3] system
of coupled oscillators. This comprised the CSD time-series of
5 sources positioned on a 3571-vertex cortical mesh. For
example, each source had a Gaussian spatial distribution (6=5
cm) with mean equal to the centroid of each of the following
AAL ROIs (respectively): x,: Left Middle Cingulate Gyms,
x,: Left Middle Occipital Gyms, x;: Right Medial Superior
Frontal Gyms, x,: Right Precentral Gyms, x5: Left Precentral
Gyms. This exemplary system is depicted in the inset in FIG.
6. Generated were two minutes of source time-series data
(Fs=300 Hz) and projected this through the realistic forward
model described in Section II-C to produce 64-channel EEG
data. Gaussian i.i.d sensor noise was added (SNR=0_,,,./
Gnoise:5 )

[0120] 2)Real Data: One session of EEG data was collected
from a 22 year-old right-handed male performing a modified
Eriksen Flanker task with a 133 ms delay between flanker and
target presentation. Flanker tasks have been extensively stud-
ied and are known to produce error-related negativity (ERN,
Ne) and error-related positivity (P300, Pe) event-related
potentials (ERPs) following error commission, as shown on
the bottom portion of FIG. 8. The Ne is an early negativity in
the EEG with middle/anterior cingulate generators which
peaks 40-80 ms following commission of a response error.
This is often followed by a Pe peaking at 200-500 ms.
[0121] Exemplary results of the exemplary implementa-
tions with the EEG system included the following. Exem-
plary Simulated Data. The simulated EEG data was piped
through the exemplary pre-processing pipeline (e.g., in which
filtering and ASR disabled here) and median CSD was com-
puted for each of the 5 ROIs. FIG. 5 shows a data plot depict-
ing exemplary results of exemplary implementations of the
disclosed technology. The data plot of FIG. 5 depicts exem-
plary signal data of original (e.g., red, dashed line) vs. recon-
structed (e.g., blue, solid line) current source density for a
1-sec segment of our 5 simulated ROIs. Sources and data are
scaled to unit variance in the exemplary data plot. For
example, a 1-sec segment of reconstructed CSD superim-
posed on the true CSD. Superficial sources were accurately
recovered, while the deep, tangential source (X, ; mid-cingu-
lum) was somewhat more poorly reconstructed. Spectral den-
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sity, dDTF and partial directed coherence (PDC) between
ROI median-CSD time-series was estimated using a 1-sec
sliding window over 1-65 Hz. The max operator was applied
to collapse across frequency producing a 2D connectivity
matrix (directed graph). FIG. 6 shows a diagram depicting an
exemplary temporal snapshot (of a representative time win-
dow) of reconstructed source networks (e.g., PDC estimator),
e.g., displayed within a BrainMovie3D visualizer. As shown
in the diagram of FIG. 6, the edge color denotes preferred
coupling frequency while edge size and tapering, respec-
tively, denote coupling strength and directionality at that fre-
quency. Node size indicates outflow (net influence ofa source
on all other sources). The graph shown in the diagram of FIG.
6 depicts the thresholded at the commonly used PDC heuris-
tic level of 0.1. Cortical surface regions are colored according
to their AAL atlas label (90 regions). Ground truth is dis-
played in the inset of FIG. 6. Over all time windows, the
connectivity graph was recovered with high accuracy—the
average area under curve (AUC) was 0.97+/-0.021. Peak
coupling frequency and relative strength were also correctly
recovered.

[0122] Exemplary Real Data. 1) Data Quality and Artifact
Rejection: In these exemplary implementations, the online
pipeline included the following pre-processing elements (in
order of application), for example: downsampling to 128 Hz,
sub-1Hz drift correction (Butterworth IIR filter), bad channel
removal and interpolation, ASR, average referencing and 50
Hz low-pass minimum-phase FIR filtering. Four channels
were automatically removed (e.g., Afz, T7, T8, P09), which
were those also identified by eye as corrupted during data
collection. FIG. 7 shows a data plot depicting exemplary
results of exemplary implementations of the disclosed tech-
nology. The exemplary data plot of FIG. 7 shows 10 sec of
EEG data following ASR data cleaning (e.g., blue trace)
superimposed on original data (e.g., depicted by the red
trace). As shown in the data plot, there are segments of EEG
data contaminated by blink and muscle artifacts, e.g., before
and after ASR artifact removal.

[0123] FIG. 8 shows an ERP image depicting single-trial
EEG potentials (e.g., no smoothing) at FCz for response-
locked error trials, sorted by latency of response to target
onset (red sigmoidal trace). Responses occurred at 0 ms (ver-
tical line). The bottom panel shows the averaged ERP without
ASR in blue, and the ERP with ASR enabled in red. The
single-trial EEG data for response-locked error trials are
shown for electrode FCz in FIG. 8. The exemplary trials are
sorted by reaction time. Although acausal filters cannot be
used online, for this plot alone, in order to accurately assess
ERP latencies, all filters were zero phase (acausal). The
analysis was run with and without ASR (the latter shown
here) and confirmed that ASR did not distort ERPs (FIG. 8,
red trace). Note that nearly every trial shows a visual evoked
response to the stimulus as well as prominent Ne and Pe
following the erroneous button press. The scalp topography
of the Ne (upper left) has a frontocentral distribution centered
at FC,, as expected for a mid/anterior cingulate or frontal
midline generator. Encouragingly, the quality of the evoked
responses was comparable to that reported using research-
grade gel-based EEG systems.

[0124] 2) Source Reconstruction: The exemplary source
analysis showed good reconstruction of early visual evoked
potentials from occipital and parietal regions as well as fron-
tal localization of the Pe following button presses. However,
the Ne was not reliably recovered in these exemplary imple-
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mentations. As noted above, single-trial estimates of current
density may be less reliable for deep, medial sources (e.g,,
cingulate regions) than for superficial sources.

[0125] 3)Connectivity Analysis: For amoderate number of
channels (or sources) (e.g.. 8-15) with model order in the
10-15 range, for example, generally obtained were good VAR
model fit (e.g., stable with uncorrelated residuals, ACF test:
p<0.05). The VAR process spectrum exhibits characteristic
EEG 1/f shape with theta, alpha, and beta peaks, including
prominent occipital alpha gain and occipital-frontal Granger-
causality at rest with eyes closed.

[0126] 4)Classification: The exemplary classification stage
was tested on the problem of detecting human response error
commission from EEG data for which univariate source pro-
cesses, €.g., such as event-related potentials (ERPs), have
been employed in the past. However, for example, effective
connectivity features have not been used in this context. To
this end, for example, dDTF estimates were used between
channels FP1, FP2, FCz, C3, C4,PO3 and PO4 selected after
64-channel data cleaning. Analysis was performed on epochs
at -0.5 to 1.5 seconds relative to button press events and
time-frequency dDTF was computed in a 1-sec sliding win-
dow within each epoch. A 5-fold blockwise cross-validation
was performed with clean separation of testing and training
data to measure AUC on 172 trials, yielding a mean AUC of
0.895+/-0.047. In order to compare with more conventional
features, also performed was a 5-fold classification using a
state-of-the-art first-order ERP method. Obtained was a mean
AUC 0f 0.97+/-0.02. Given the saliency of error-related ERP
features in this dataset, it is not surprising that the ERP-based
method performed extremely well, outperforming higher-
dimensional connectivity features.

[0127] Thepresented EEG system of the disclosed technol-
ogy is capable of real-time analysis. For example, on a suit-
able processing unit (e.g., such as an Intel i7 4-core (2.3 Ghz)
laptop), preprocessing and source reconstruction (e.g.. 3751
vertex mesh) typically takes 50-80 ms, model fitting 50-70
ms, classification under 5 ms and (optional) MATLAB-based
visualization 200-300 ms. The channel connectivity features
can contain information relevant to etror detection, and the
disclosed system can be implemented to examine source con-
nectivity as well attempt prediction of error commission from
pre-stimulus dynamics where time-domain ERP features are
absent.

[0128] Implementations of the subject matter and the func-
tional operations described in this patent document can be
implemented in various systems, digital electronic circuitry,
orin computer software, firmware, or hardware, including the
structures disclosed in this specification and their structural
equivalents, or in combinations of one or more of them.
Implementations of the subject matter described in this speci-
fication can be implemented as one or more computer pro-
gram products, i.e., one or more modules of computer pro-
gram instructions encoded on a tangible and non-transitory
computer readable medium for execution by, or to control the
operation of, data processing apparatus. The computer read-
able medium can be a machine-readable storage device, a
machine-readable storage substrate, amemory device, acom-
position of matter effecting a machine-readable propagated
signal, or a combination of one or more of them. The term
“data processing apparatus” encompasses all apparatus,
devices, and machines for processing data, including by way
of example a programmable processor, a computer, or mul-
tiple processors or computers. The apparatus can include, in
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addition to hardware, code that creates an execution environ-
ment for the computer program in question, e.g., code that
constitutes processor firmware, a protocol stack, a database
management system, an operating system, or a combination
of one or more of them.

[0129] A computer program (also known as a program,
software, software application, script, or code) can be written
in any form of programming language, including compiled or
interpreted languages, and it can be deployed in any form,
including as a stand-alone program or as a module, compo-
nent, subroutine, or other unit suitable for use in a computing
environment. A computer program does not necessarily cor-
respond to a file in a file system. A program can be stored in
a portion of a file that holds other programs or data (e.g., one
or more scripts stored in a markup language document), in a
single file dedicated to the program in question, or in multiple
coordinated files (e.g., files that store one or more modules,
sub programs, or portions of code). A computer program can
be deployed to be executed on one computer or on multiple
computers that are located at one site or distributed across
multiple sites and interconnected by a communication net-
work.

[0130] The processes and logic flows described in this
specification can be performed by one or more programmable
processors executing one or more computer programs to per-
form functions by operating on input data and generating
output. The processes and logic flows can also be performed
by, and apparatus can also be implemented as, special purpose
logic circuitry, e.g., an FPGA (field programmable gate array)
or an ASIC (application specific integrated circuit).

[0131] Processors suitable for the execution of a computer
program include, by way of example, both general and special
purpose microprocessors, and any one or more processors of
any kind of digital computer. Generally, a processor will
receive instructions and data from a read only memory or a
random access memory or both. The essential elements of a
computer are a processor for performing instructions and one
or more memory devices for storing instructions and data.
Generally, a computer will also include, or be operatively
coupled to receive data from or transfer data to, or both, one
or more mass storage devices for storing data, e.g., magnetic,
magneto optical disks, or optical disks. However, a computer
need not have such devices. Computer readable media suit-
able for storing computer program instructions and data
include all forms of nonvolatile memory, media and memory
devices, including by way of example semiconductor
memory devices, ¢.g., EPROM, EEPROM, and flash memory
devices. The processor and the memory can be supplemented
by, or incorporated in, special purpose logic circuitry.

[0132] While this patent document contains many specif-
ics, these should not be construed as limitations on the scope
of any invention or of what may be claimed, but rather as
descriptions of features that may be specific to particular
embodiments of particular inventions. Certain features that
are described in this patent document in the context of sepa-
rate embodiments can also be implemented in combination in
a single embodiment. Conversely, various features that are
described in the context of a single embodiment can also be
implemented in multiple embodiments separately or in any
suitable subcombination. Moreover, although features may
be described above as acting in certain combinations and even
initially claimed as such, one or more features from a claimed
combination can in some cases be excised from the combi-
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nation, and the claimed combination may be directed to a
subcombination or variation of a subcombination.
[0133] Similarly, while operations are depicted in the draw-
ings in a particular order, this should not be understood as
requiring that such operations be performed in the particular
order shown or in sequential order, or that all illustrated
operations be performed, to achieve desirable results. More-
over, the separation of various system components in the
embodiments described in this patent document should not be
understood as requiring such separation in all embodiments.
[0134] Only a few implementations and examples are
described and other implementations, enhancements and
variations can be made based on what is described and illus-
trated in this patent document.
What is claimed is:
1. A method for processing a signal to remove artifacts,
comprising:
obtaining a first signal decomposition of a multi-channel
baseline signal in a first matrix including nominal non-
artifact signal components and a second signal decom-
position of a multi-channel data signal in a second
matrix including artifact components, wherein the first
and second matrices are complimentary matrices;

forming a linear transform by non-linearly combining the
complementary matrices; and

producing an output signal corresponding to the multi-

channel data signal by applying the formed linear trans-
form to one or more samples of the multi-channel data
signal to remove artifacts and retain non-artifact signal
content in the output signal.

2. The method as in claim 1, wherein the forming the linear
transform by non-linearly combining the two complementary
matrices includes classifying signal components of at least
one of the multi-channel baseline signal or the multi-channel
data signal into artifact and non-artifact components using a
binary classification criterion.

3. The method as in claim 2, wherein the binary classifica-
tion criterion is selected to be sensitive to a quantifiable char-
acteristic of the signal including at least one of amplitude,
variance, or a pattern in a time course of the signal.

4. The method as in claim 2, wherein the binary classifica-
tion criterion includes a data-dependent or empirically esti-
mated parameter or parameters, the parameter or parameters
providing a soft or hard threshold to classify the signal com-
ponents.

5. The method as in claim 1, wherein the multi-channel
data signal includes at least one of electroencephalograms
(EEG), magnetoencephalogram (MEG), electrocorticograms
(ECoG), electrocochleograms (ECochG), electrocardio-
grams (ECQG), or electromyograms (EMG).

6. The method as in claim 1, wherein the multi-channel
data signal includes a single-channel signal augmented to
multiple channels, wherein at least some channels of the
multiple channels having a replicate of the single-channel
signal that is temporally modified.

7. The method as in claim 1, wherein the multi-channel
baseline signal includes a calibration signal corresponding to
the multi-channel data signal or a predetermined signal.

8. The method as in claim 1, wherein the multi-channel
baseline signal comprises at least a portion of the multi-
channel data signal.

9. The method as in claim 1, wherein the first signal decom-
position includes a component representation of the multi-
channel baseline signal.
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10. The method as in claim 1, wherein the second signal
decomposition includes a component representation of the
multi-channel data signal.

11. The method as in claim 1, wherein the second signal
decomposition includes a component representation of the
multi-channel baseline signal.

12. The method as in claim 1, wherein the second signal
decomposition of the multi-channel data signal includes a
signal decomposition or a component representation of a
segment of the multi-channel data signal.

13. The method as in claim 1, wherein the first matrix
primarily includes the nominal non-artifact signal compo-
nents.

14. The method as in claim 1, wherein one or both of the
first matrix and the second matrix comprises eigenvectors of
a principal component analysis.

15. The method as in claim 1, wherein the second matrix
comprises eigenvectors of a principal component analysis of
ashort signal segment or resulting from an alternative decom-
position of the short signal segment capable of isolating high-
amplitude components, and wherein the non-linearly com-
bining the two complementary matrices includes solving an
underdetermined linear system.

16. The method as in claim 1, further comprising:

estimating the second matrix from data containing low

artifact content, the estimating including making an
explicit or an implicit assumption of low artifact content.
17. A computer program product comprising a computer-
readable storage medium having code stored thereon, the
code, when executed, causing a processor of a computer or
computer system in a communication network to implement
amethod for processing a signal to remove artifacts, wherein
the computer program product is operated by the computer or
computer system to implement the method comprising:
obtaining a first signal decomposition of a multi-channel
baseline signal in a first matrix including nominal non-
artifact signal components and a second signal decom-
position of a multi-channel data signal in a second
matrix including artifact components, wherein the first
and second matrices are complimentary matrices;

forming a linear transform by non-linearly combining the
complementary matrices; and

producing an output signal corresponding to the multi-

channel data signal by applying the formed linear trans-
form to one or more samples of the multi-channel data
signal to remove artifacts and retain non-artifact signal
content in the output signal.

18. The computer program product as in claim 17, wherein
the forming the linear transform by non-linearly combining
the two complementary matrices includes classifying signal
components of at least one of the multi-channel baseline
signal or the multi-channel data signal into artifact and non-
artifact components using a binary classification criterion.

19. The computer program product as in claim 18, wherein
the binary classification criterion is selected to be sensitive to
a quantifiable characteristic of the signal including at least
one of amplitude, variance, or a pattern in a time course of the
signal.

20. The computer program product as in claim 18, wherein
the binary classification criterion includes a data-dependent
or empirically estimated parameter or parameters, the param-
eter or parameters providing a soft or hard threshold to clas-
sify the signal components.
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21. The computer program product as in claim 17, wherein
the multi-channel data signal includes at least one of electro-
encephalograms (EEG), magnetoencephalogram (MEG),
electrocorticograms (ECoG), electrocochleograms (ECo-
chG), electrocardiograms (ECG), or electromyograms
(EMG).

22. The computer program product as in claim 17, wherein
the multi-channel data signal includes a single-channel signal
augmented to multiple channels, wherein at least some chan-
nels of the multiple channels having a replicate of the single-
channel signal that is temporally modified.

23. A method for removing artifacts from an electrophysi-
ological signal, comprising:

producing a first signal decomposition or component rep-

resentation of a multi-channel baseline signal in a first
matrix and a second signal decomposition or component
decomposition of a measured multi-channel data signal
of an electrophysiological signal from a subject,
wherein the first matrix includes nominal non-artifact
signal components and the second matrix includes arti-
fact components, and the first matrix and the second
matrix are complimentary matrices;

forming a linear transform by non-linearly combining the

complementary matrices including classifying signal
components of one or both of the first matrix and second
matrix into artifact and non-artifact components using a
binary classification criterion; and

producing an output signal corresponding to the electro-

physiological signal by applying the formed linear trans-
form to one or more samples of the measured multi-
channel data signal to remove amplitude artifacts and
retain non-artifact signal content in the output signal.

24. The method as in claim 23, wherein the binary classi-
fication criterion is selected to be sensitive to a quantifiable
characteristic of the signal including at least one ofamplitude,
variance, or a pattern in a time course of the signal.

25. The method as in claim 23, wherein the electrophysi-
ological signal includes at least one of electroencephalo-
grams (EEG), electrocorticograms (ECoG), electrocochleo-
grams  (ECochG), electrocardiograms (ECG), or
electromyograms (EMG).

26. The method as in claim 25, wherein the multi-channel
baseline signal includes an EEG calibration signal recorded
when the subject remains stationary.

27. A method for removal of artifacts in multi-channel
signals, comprising:

forming a linear transform by non-linearly combining two

complementary matrices of signal components of a data
signal and a baseline signal, a first matrix containing
non-artifact signal components of the baseline signal
and a second matrix including artifact components ofthe
data signal; and

applying the formed linear transform to one or more

samples of the data signal to reduce artifacts in the one or
more samples to which the linear transform is applied,
wherein the applying includes retaining residual non-
artifact signal content in the signal components.

28. The method as in claim 27, wherein the first matrix
primarily includes the non-artifact signal components.

29. The method as in claim 27, wherein the second matrix
is composed of eigenvectors of a principal component analy-
sis of a short signal segment of the data signal or resulting
from an alternative decomposition of the signal segment
capable of isolating high-amplitude components.
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30. The method as in claim 29, wherein the non-linearly
combining the two complementary matrices includes solving
an underdetermined linear system.

31. The method as in claim 27, further comprising:

estimating the second matrix from data containing low

artifact content, the estimating including making an
explicit or an implicit assumption of low artifact content.

32. The method as in claim 27, wherein the non-linearly
combining the two complementary matrices includes classi-
fying signal components into artifact and non-artifact com-
ponents.

33. The method as in claim 32, wherein the classifying the
signal components includes using a classification criterion
thatis substantially sensitive to a quantifiable characteristic of
the signal including at least one of amplitude, variance, or a
pattern in a time course of the signal.

34. The method as in claim 32, wherein the classification
criterion includes a data-dependent or empirically estimated
parameter or parameters, the parameter or parameters serving
arole as a soft or hard threshold.

* % % k¥
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