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DESCRIPTION

Description

RELATED APPLICATIONS

[0001] The present disclosure claims priority to U.S. Provisional Patent Application No.
62/054,538 filed September 24, 2014.

FIELD

[0002] The present application relates to an apparatus, system and method for detecting
evoked responses to a stimulus (a stimulus-response signal). In particular, the application
relates to apparatus, system and method for detecting evoked responses when there is a low
signal to noise ratio such as in electrophysiological evoked responses.

BACKGROUND

[0003] There are many situations in which it may be necessary to extract a signal of interest
from a noisy received signal. This task becomes more difficult in a situation in which the
received signal has a low signal to noise ratio (SNR). In some cases, the signal of interest may
be generated in response to a stimulus and may also be synchronized to the stimulus. An
example of such a case relates to the measurement of evoked responses. Electrophysiological
evoked responses to a variety of stimuli are known to contain valuable clinical and scientific
information in the assessment of the sensorineural systems of humans and animals. Evoked
responses (ER), such as, for example, auditory evoked potentials, somatosensory evoked
potentials, visual evoked potentials, otoacoustic emissions, or the like, are signals that are
often 10-1000 times smaller than the noise that is typically recorded by signal transducers
(such as electrodes or microphones) at the time of recording the ER. In many cases, the ER
waveform and its clinically relevant features may only be detectable after averaging thousands
of responses to individual stimuli.

[0004] The noise that is recorded by the signal transducers may be caused by various
sources, including, for example, noise generated by muscular activity, for example, EMG noise,
or the like, during an evoked response (ER) test and may also include electrical noise from
lighting, other instruments and the like. Because the noise is generally many times greater than
the ER signal, the noise tends to mask the ER signal. One challenge of clinical ER
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measurement is determining whether specific features of an ER waveform represent true
electrophysiological responses or if the specific features are a result of noise. A special
application of ER detection is the detection of the auditory brainstem response (ABR) and
auditory steady state responses (ASSR) with applications to infant hearing screening and to
the determination of auditory thresholds for all ages, which may be used in the customized
fitting of hearing aids.

[0005] Several conventional techniques used to minimize noise in the recorded response to
auditory stimuli are known. These techniques include, for example, signal averaging and
weighted signal averaging, signal filtering, artifact rejection, and various techniques designed
to relax or sedate the subject.

[0006] Signal averaging involves stimulating the patient with multiple stimuli, obtaining multiple
time-based data series, each data series synchronized to a single instance of the stimulus, and
averaging the multiple synchronized data series. Limitations of this traditional averaging
method in evoked potential acquisition have long been recognized. A problem may arise from
a poor signal to noise ratio (SNR) and that the number of averages required typically increases
in inverse proportion to the square of the SNR.

[0007] Artifact rejection (AR) can be used to eliminate a data series or groups of data series
that are most contaminated with noise, by excluding from the average those data series for
which the noise exceeds a preset threshold.

[0008] Weighted averaging (WA) may further improve SNR by weighting groups of data series
in inverse proportion to their noise content. There are various conventional methods of
assessing noise content of a group of data series to determine the weights. Assuming the
noise is quasi-stationary, i.e. stationary within each group of data series, and independent
between data series, weighting each group in inverse proportion to the variance of the noise
within the group will minimize the squared error of the weighted average.

[0009] In a conventional example, a group of 250 responses to stimuli that were stimulated at
a rate of 30 Hz can be examined and averaged. In this case, the group is greater than 8
seconds in duration. The drawback of this technique is that noise in evoked potential
measurements is, in general, not stationary over an 8 second duration, especially when the
time series is contaminated with interference from the patient's EMG caused by muscle activity.
A further drawback where multiple groups of measurements are being made is that electrical
noise in the environment is, in general, not independent from group to group, especially when
a significant component of that noise is periodic or quasiperiodic such as noise arising from
powerline interference or from coherent cortical EEG during deep sleep, or the like. For
example, coherent or quasi-coherent EEG noise in the alpha band is particularly large under
anesthesia, making the detection of cortical evoked potentials that contain significant frequency
content in the alpha band particularly difficult.

[0010] An improvement to an averaging scheme or weighted averaging scheme may include
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using normative data for the ABR signal and EEG to estimate the magnitude of the noise
component of the variance in the data series which is comprised of both signal and additive
noise. If the signal model based on normative data is accurate, this technique allows estimation
of the noise from individual data series instead of groups of data series. For this technique to
be valid, the stationarity assumption may only be required for the duration of a single data
series or response, typically, less than 100 ms. However, normative data is generally based on
stimulus type and stimulus level and, in at least some cases, the noise might not necessarily be
stationary, even at such a small duration.

[0011] In a different conventional approach, weights may be chosen to be inversely related to
a measure of dissimilarity between individual data series and the estimated average. In an
example, the weights may be inversely proportional to the mean squared error between each
individual data series and the averaged signal estimate.

[0012] Overall, similar to other conventional methods noted above, the weighted techniques
operate under the assumption that the noise from data series to data series is independent,
i.e. the noise between pair of data series has zero covariance. If this independence
assumption is not valid, the resulting weights will not be optimal in the sense that the mean
squared noise in the weighted average will not be minimized. In evoked response signals, the
independence assumption is generally not valid because of environmental noise, when
present, such as sinusoidal noise arising from power-line frequencies and their harmonics,
which are generally not independent and non-stationary.

[0013] Embodiments of the apparatus, system and method described herein are intended to
address at least one of the difficulties of conventional methods of detecting an evoked
response signal.

[0014] Methods and systems for detection of an evoked response signal in noise are disclosed
in documents US2004/064066, US2008/109041 and US2003/073920.

SUMMARY

[0015] Various aspects of the present invention are defined in the independent claims. Some
preferred features are defined in the dependent claims.

[0016] Described herein for illustration is a method for detection of an evoked response signal
in noise, the method including: generating a plurality of stimuli; receiving a noisy signal related
to an evoked response to the plurality of stimuli; divide the noisy signal into a plurality of
responses to the plurality of stimuli; estimate a statistic matrix for the plurality of responses;
shrink the statistic matrix; calculate weights based on an inverse of the shrunk statistic matrix;
apply weights to the plurality of responses to construct a final response; and output the final
response.
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[0017] In a particular case, the shrinking the statistic matrix may include: calculate a correlation
between combinations of responses; create a list of negatively correlated pairs; for each
negatively correlated pair in the list: determine if one of the responses in the pair is in a
shrinkage list, if so, remove the pair from the list of negatively correlated pairs, otherwise, add
both responses of the pair to the shrinkage list; when the list of negatively correlated pairs is
empty, set all non-diagonal elements of the statistic matrix corresponding to responses in the
shrinkage list to 0 to provide a shrunk statistic matrix; and return the shrunk statistic matrix.

[0018] In another particular case, the method may further include decomposing each response
into a plurality of sub-responses to create a plurality of sets of sub-responses and performing
the: estimate a statistic matrix for the plurality of responses; shrink the statistic matrix; calculate
weights based on an inverse of the shrunk statistic matrix; apply weights to the plurality of
responses to construct a final response; for each of the plurality of sets of sub-responses.

[0019] In yet another particular case, the decomposing comprises: performing a multilevel
discrete wavelet transform on individual responses in a loop for each scale of the multilevel
discrete wavelet transform, selecting a scale of the multilevel discrete wavelet transform and,
for the selected scale: set wavelet coefficients for non-selected scales to 0; and perform a
multilevel inverse discrete wavelet transform to obtain a time domain sub-response for the
selected scale; and return a plurality of sets of sub-responses, each set comprising sub-
responses having the same scale.

[0020] In still yet another particular case, the statistic may be covariance and the statistic
matrix may be a covariance matrix.

[0021] In another particular case, the statistic matrix may be an array having greater than two
dimensions.

[0022] In yet another particular case, the statistic may be root mean square and the statistic
matrix may be a root mean array having greater than two dimensions.

[0023] In still another particular case, the divide the noisy signal into a plurality of responses to
the plurality of stimuli may be based on the plurality of responses being synchronized with the
plurality of stimuli.

[0024] Described herein for illustration is an apparatus for detection of an evoked response
signal in noise, the apparatus having: an input device configured to receive data related to a
plurality of stimuli and a noisy signal related to the evoked response signal to the plurality of
stimuli; and a processor configured to: receive the noisy signal from the input device and divide
the noisy signal into a plurality of responses to the plurality of stimuli; estimate a statistic matrix
for the plurality of responses; shrink the statistic matrix; calculate weights based on an inverse
of the shrunk statistic matrix; and apply weights to the plurality of responses to construct a final
response representing the evoked response signal.
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[0025] In a particular case, when shrinking the statistic matrix the processor may be further
configured to: calculate a correlation between combinations of responses; create a list of
negatively correlated pairs; for each negatively correlated pair in the list: determine if one of
the responses in the pair is in a shrinkage list, if so, remove the pair from the list of negatively
correlated pairs, otherwise, add both responses of the pair to the shrinkage list; when the list of
negatively correlated pairs is empty, set all non-diagonal elements of the statistic matrix
corresponding to responses in the shrinkage list to 0 to provide a shrunk statistic matrix; and
return the shrunk statistic matrix.

[0026] In another particular case, the processor may be further configured to decompose each
response into a plurality of sub-responses to create a plurality of sets of sub-responses and
performing the: estimate a statistic matrix for the plurality of responses; shrink the statistic
matrix; calculate weights based on an inverse of the shrunk statistic matrix; apply weights to
the plurality of responses to construct a final response; for each of the plurality of sets of sub-
responses.

[0027] In yet another particular case, the processor, when decomposing each response, may
be further configure to: perform a multilevel discrete wavelet transform on individual responses
in a loop for each scale of the multilevel discrete wavelet transform, selecting a scale of the
multilevel discrete wavelet transform and, for the selected scale: set wavelet coefficient for
non- selected scales to 0; and perform a multilevel inverse discrete wavelet transform to obtain
a time domain sub-response for the selected scale; and return a plurality of sets of sub-
responses, each set comprising sub-responses having the same scale.

[0028] In still yet another particular case, the statistic may be covariance and the statistic
matrix may be a covariance matrix.

[0029] In a particular case, the statistic matrix may be an array having greater than two
dimensions.

[0030] In another particular case, the statistic may be root mean square and the statistic matrix
may be a root mean square an array having greater than two dimensions.

[0031] In still another particular case, the divide the noisy signal into a plurality of responses to
the plurality of stimuli may be based on the plurality of responses being synchronized with the
plurality of stimuli.

[0032] Described herein for illustration is a system for detection of an evoked response signal
in noise, the system comprising: a stimulus generator configured to generate a plurality of
stimuli; a plurality of sensors configured to receive a noisy signal including an evoked response
signal to the plurality of stimuli; an input device configured to receive data related to the
plurality of stimuli and the noisy signal; a processor configured to: receive the on an inverse of
the shrunk statistic matrix; apply weights to the plurality of responses to construct a final
response; for each of the plurality of sets of sub-responses.
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[0033] In yet another particular case, the processor, when decomposing each response, may
be further configure to: perform a multilevel discrete wavelet transform on individual responses
in a loop for each scale of the multilevel discrete wavelet transform, selecting a scale of the
multilevel discrete wavelet transform and, for the selected scale: set wavelet coefficient for
non-selected scales to 0; and perform a multilevel inverse discrete wavelet transform to obtain
a time domain sub-response for the selected scale; and return a plurality of sets of sub-
responses, each set comprising sub-responses having the same scale.

[0034] In still yet another particular case, the statistic may be covariance and the statistic
matrix may be a covariance matrix.

[0035] In a particular case, the statistic matrix may be an array having greater than two
dimensions.

[0036] In another particular case, the statistic may be root mean square and the statistic matrix
may be a root mean square an array having greater than two dimensions.

[0037] In still another particular case, the divide the noisy signal into a plurality of responses to
the plurality of stimuli may be based on the plurality of responses being synchronized with the
plurality of stimuli.

[0038] In still another aspect of the disclosure, there is provided a system for detection of an
evoked response signal in noise, the system comprising: a stimulus generator configured to
generate a plurality of stimuli; a plurality of sensors configured to receive a noisy signal
including an evoked response signal to the plurality of stimuli; an input device configured to
receive data related to the plurality of stimuli and the noisy signal; a processor configured to:
receive the noisy signal from the input device and divide the noisy signal into a plurality of
responses to the plurality of stimuli; estimate a statistic matrix for the plurality of responses;
shrink the statistic matrix; calculate weights based on an inverse of the shrunk statistic matrix;
and apply weights to the plurality of responses to construct a final response representing the
evoked response signal; and an output device to output the final response received from the
processor.

[0039] In a particular case, when shrinking the statistic matrix the processor may be further
configured to: calculate a correlation between combinations of responses; create a list of
negatively correlated pairs; for each negatively correlated pair in the list: determine if one of
the responses in the pair is in a shrinkage list, if so, remove the pair from the list of negatively
correlated pairs, otherwise, add both responses of the pair to the shrinkage list; when the list of
negatively correlated pairs is empty, set all non-diagonal elements of the statistic matrix
corresponding to responses in the shrinkage list to 0 to provide a shrunk statistic matrix; and
return the shrunk statistic matrix.

[0040] In another particular case, the processor may be further configured to decompose each
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response into a plurality of sub-responses to create a plurality of sets of sub-responses and
performing the: estimate a statistic matrix for the plurality of responses; shrink the statistic
matrix; calculate weights based on an inverse of the shrunk statistic matrix; apply weights to
the plurality of responses to construct a final response; for each of the plurality of sets of sub-
responses.

[0041] In still another particular case, the processor, when decomposing each response, may
be further configure to: perform a multilevel discrete wavelet transform on individual responses
in a loop for each scale of the multilevel discrete wavelet transform, selecting a scale of the
multilevel discrete wavelet transform and, for the selected scale: set wavelet coefficients for
non-selected scales to 0; and perform a multilevel inverse discrete wavelet transform to obtain
a time domain sub-response for the selected scale; and return a plurality of sets of sub-
responses, each set comprising sub-responses having the same scale.

[0042] In still yet another case, the statistic may be covariance and the statistic matrix may be
a covariance matrix.

[0043] In a particular case, the statistic matrix may be an array having greater than two
dimensions.

[0044] In another particular case, the statistic may be root mean square and the statistic matrix
may be a root mean square array having greater than two dimensions.

[0045] In still yet another particular case, the divide the noisy signal into a plurality of
responses to the plurality of stimuli may be based on the plurality of responses being
synchronized with the plurality of stimuli.

[0046] Other aspects and features of the present disclosure will become apparent to those
ordinarily skilled in the art upon review of the following description of specific embodiments in
conjunction with the accompanying figures.

BRIEF DESCRIPTION OF THE DRAWINGS

[0047] Embodiments of the present disclosure will now be described by way of example only,
with reference to the attached Figures.

Fig. 1 illustrates an embodiment of an apparatus and system for evoked response detection;
Fig. 2 illustrates an embodiment of a method for evoked response detection;

Fig. 3 illustrates an example of a method for detecting evoked responses using noise reduction
with a covariance matrix;

Fig. 4 illustrates an example of a method to shrink a covariance matrix;
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Fig. 5 illustrates an example of a method for the decomposition of a response into multiple
sub-responses;

Fig. 6 illustrates sample data ("noisy signal”) from electrodes in response to a stimulus;
Fig. 7 illustrates a final response for an ABR experiment using Method 1;
Fig. 8 illustrates a final response for an ABR experiment using Method 2;
Fig. 9 illustrates a final response for an ABR experiment using Method 3;

Fig. 10 illustrates a final response for an MMN experiment in a pre-operation condition using
Method 1;

Fig. 11 illustrates a final response for an MMN experiment in a pre-operation condition using
Method 2;

Fig. 12 illustrates a final response for an MMN experiment in a pre-operation condition using
Method 3;

Fig. 13 illustrates a final response for an MMN experiment in a anesthetic condition using
Method 1;

Fig. 14 illustrates a final response for an MMN experiment in a anesthetic condition using
Method 2; and

Fig. 15 illustrates a final response for an MMN experiment in a anesthetic condition using
Method 3.

DETAILED DESCRIPTION

[0048] The present application relates to an apparatus, system and method for detecting an
evoked response signal and, in particular, to an evoked response in a series of data that
contains synchronized signals, for example as a signal generated in response to a stimulus (a
stimulus-response signal). In particular, the application relates to apparatus, system and
method for detecting a signal when there is a low signal to noise ratio such as in
electrophysiological evoked responses, for example, visual, auditory, and sensory responses.

[0049] The method of detecting a signal is particularly suited to the use of auditory evoked
responses where the background noise, such as EEG noise and power-line noise is very large
and quasi-sinusoidal. Embodiments of the apparatus, system and method herein are intended
to reduce the negatively correlated noise from the resultant average in an improved manner
comparatively to conventional techniques, for example standard weighted averaging, and the
like.
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[0050] An embodiment of an apparatus or system 100 for detection of an evoked response
signal is shown in Fig. 1. The apparatus described herein is intended for electro-physiological
signals such as advanced ABR or consciousness detection but a similar apparatus could be
developed for other electro-physiological signals or applications by one of skill in the art on
reviewing the description herein.

[0051] The system 100 includes a stimulus generator 105, which may be internal or external to
other portions of the system and which provides a stimulus to a subject 110. A sensor or
sensors 115, for example an electrode or electrodes, are provided to the subject to detect a
noisy signal including a response to the stimulus, which is sent to an input module 120. The
input module 120 may also receive input from the stimulus generator 105 related to the
stimulus provided for synchronization purposes.

[0052] It will be understood that the electrodes receive continuous data, sometimes referred to
as "noisy data" or "noisy signal". For each stimulus, a synchronized evoked response within the
subject's brain will be generated. Typically, this evoked response will also be detected by the
electrodes but is generally hidden in the noisy signal. Embodiments of the system, apparatus
and method herein are intended to separate the evoked response, or stimulus-synchronized
component, (sometimes referred to as a "response”) from the non-synchronized components
(i.e. noise). For ease of reference, a portion of the noisy signal that is expected to include a
stimulus-synchronized component is also sometimes referred to as a "response” and is also
referred to as a "sweep". In situations with poor signal to noise ratios (SNR), which are typical
in physiological evoked responses, the detection of whether or not there is a response in the
noisy signal generally involves providing a plurality of essentially identical stimuli and averaging
a plurality of responses (i.e. portions of the noisy signal) corresponding to the stimuli. The final
waveform or averaged response (sometimes called the "final response"), is the estimate of the
synchronized evoked response, with reduced noise. It will be understood that the type of
evoked response will generally be dependent on the stimulus and on the subject. For example,
if a subject cannot hear an auditory stimulus, then there would not be an evoked response to
the auditory stimulus.

[0053] Returning to Fig. 1, the input from the sensors 115 may be filtered, via a filter module
125, for example a bandpass filter or the like, before or after receipt at the input module 120
(In this example, the filter module 125 is shown after the input module but it may be helpful to
provide filtering in advance of the input module). In some cases, the filter 125 may be attached
to orincorporated into the sensor or sensors 115.

[0054] The system 100 may further include an amplifier 130. In some cases, the input from the
input module 120 may be amplified prior to or after it has been filtered by the filter 125. In other
cases, the amplifier 130 may be connected to or incorporated into the sensor or sensors 115.

[0055] The input module 120 provides data, for example data relating to the noisy signal and
the stimuli, to a processor 135, which provides capability for various functions and/or modules
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as described below, while making use of a memory 140 for storing data, calculating results and
the like. The processor 135 also provides capability for outputting data via an output module
145. In some cases, the processor 135 may also be connected with the stimulus generator 105
to provide instructions to the stimulus generator 105 and, in some cases, may also receive
information directly from the stimulus generator 105. The output module 145 may output data
in various formats as are known in the art, including, for example, output to a display 150 for
review by a user of the system.

[0056] The stimulus generator 145 may include multiple stimulus sources, such as visual and
auditory, or may be a single source. Further, in either case, the stimuli may generate a plurality
of responses, such as an auditory stimulus that elicits both an ABR and an ASSR. Each
response may or may not have a specific frequency band and filtering may be used in order to
isolate each response-specific frequency band for analysis. As noted above, filtering may be
before or after amplification and, further, each montage (i.e. electrode combination) may be
provided with or subject to multiple filters.

[0057] Figure 2 illustrates an embodiment of a method 200 for detecting an evoked response
signal generated in response to a stimulus. At 205, a plurality of stimuli is generated by the
stimulus generator 105. At 210, a noisy signal containing a plurality of responses is detected by
the sensor or sensors 115 and sent to the input module 120. In some cases, data from the
generated stimuli or the noisy signal relating thereto may also be stored in memory 140.

[0058] At 215, in some cases filtering and/or amplification may be applied to the noisy signal,
via, for example, filter 125 and amplifier 130. As noted above, the filtering and/or amplification
may be performed either before or after the signal is received at the input module 120. In an
example of filtering and considering an ABR stimulus, for example, between 30 and 3000 Hz,
100 and 1500 Hz, or other range depending on the stimulus rate, data outside that region of
interest would be noise and the removal of that noise prior to subsequent signal processing
may improve the analysis to determine the evoked response.

[0059] At 220, the noisy signal is analyzed by the processor 135 to separate individual
responses, perform an analysis on the responses, and determine a final response,
representing an estimated evoked response and indicative of whether or not an evoked
response has been detected. At 225, the final response may be output via the output module
145 to, for example, the display 150. In some cases, the final response may also be saved to
memory 140.

[0060] The following description provides further detail on embodiments of methods for
analyzing the noisy signal to detect an evoked response.

[0061] As noted above, averaging and weighted averaging (WA) is sometimes used in
analyzing a signal to improve SNR, for example, by weighting data series or groups of data
series in inverse proportion to their noise content. However, in general, the weighted
techniques operate under the assumption that the noise from data series to data series is
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independent, i.e. the noise between pairs of data series has zero covariance and, in most
cases, this assumption may not be valid in evoked responses, depending on the environment.

[0062] Interestingly, the problem of optimal weighting of evoked responses can be seen as a
variance minimization problem, that is attempting to determine a response such that the error
variance in the response is minimized. Another way to consider this is that optimal weighting
may be addressed by a method for deriving weights that result in an optimal weighted average,
i.e. a weighted average with minimal variance (and hence minimal standard deviation).

[0063] The proposed method herein differs from conventional methods in, at least, that
embodiments of the method make use of an estimate of a statistic, such as covariance, of the
noise matrix rather than an estimate of the noise variance alone. Using this approach, global
minimization of the noise variance in the average is intended to be achieved with weights that
satisfy the equation:

11
YT

(equation 1)

where 2 1is an inverse of a matrix of a statistic related to the noise among measured response
pairs and 1 is a vector of 1's. The following description deals with covariances between
measured response pairs (and the matrix is referred to as the "covariance matrix"), however
other statistics related to the noise may be substituted as appropriate. As discussed below, for
example, another statistic could be an rms measure, and the matrix may be an array having
greater than two dimensions. In the case of the covariance matrix, the covariance matrix can
be predicted from, for example, the sample data used to predict variance data with clusters of
data or the response data itself.

[0064] Other (non-global) solutions of the minimization problem can be developed when linear
constraints are added. For example, finding a minimum variance for a given desired overall
mean and the constraint that weights cannot be negative. Linear programming techniques can
be used to derive a vector w that minimizes the noise variance

oi=w'Zw

with the linear constraints. These solutions can generally be expressed as a linear combination
of the global minimum variance solution given above and the expected value of each individual
input:

w'= 27141+ A

(equation 2)
where p is a vector of expected values of the individual results and coefficients A; are derived

using LaGrangian or numerical methods to minimize the variance.

[0065] Practical implementation of these minimization solutions, however, may be limited as
the covariance matrix may not be known precisely. The estimated covariance matrix is
generally based on a limited sample of data and generally may be considered to be il
conditioned. As a result, small errors in covariance estimation can lead to poor weight
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selections. Further, inversion of the matrix can amplify estimation errors. It is believed that, in
evoked potential applications, the covariance matrix may be extrapolated from inter-stimulus
data, for example, but keeping in mind that small inaccuracies in the covariance estimates may
result in poor weighting choices. By nature, sampling may just be an estimation of the
population.

[0066] In some cases, applying shrinkage to the covariance matrix can provide a more robust
covariance matrix. In some cases, a shrinkage estimator may be provided that is a linear
combination of the covariance predicted from sample data and a structured covariance,
typically a constant covariance that is derived from the expected value of all the sample
covariances. Other shrinkage techniques may be used that involve reducing the covariance to
zero for most covariance pairs, leave the diagonal variance terms the same as the predicted
variances, and using statistical techniques or the like that require the remaining covariance
terms to exceed some threshold or be shrunk or set to zero.

[0067] The present disclosure provides an apparatus, system and method for applying
shrinkage of the covariance matrix to evoked response applications and using the resulting
modified covariance matrix to determine the weights for weighted averaging of the evoked
potential response. Embodiments herein include estimating an initial covariance matrix. One of
the methods described above or known in the art to estimate the covariance matrix from
interstimulus, prestimulus or intrastimulus data may be used. Since errors in the covariance
matrix may be amplified when the matrix is inverted, the covariance matrix is intended to be
subjected to shrinkage as described herein. For example, in an embodiment, the diagonal
elements of the covariance matrix may be untouched and represent the individual variances in
each response. Some or all of the non-diagonal elements are then selectively shrunk toward
the global expected covariance, which is typically zero.

[0068] Figure 3A illustrates an embodiment of a method 300 for analyzing the noisy signal
(220 in Figure 2). At 305, the on-going EEG signal (noisy signal) is divided into a set of
individual responses to the stimulus. In this particular embodiment, the division of individual
responses is based on the responses being synchronized to the stimulus but one of skill in the
art will understand that other ways of dividing the noisy signal may be available.

[0069] At 310, a matrix of a statistic related to the noise content is formed (in this embodiment,
a covariance matrix) from the individual responses of 305. For the covariance example, for
responses X and Y, the covariance may be calculated from, for example:

: 1 l&\ H 1 '
cov(X,Y) = — » 5l@i—a)- (v —g;)7
1=l j=1
At 315, the covariance matrix is shrunk. At 320, global minimum variance weights are
calculated from the co-variance matrix. At 325, weights are applied to the response data to

construct a final response. At 330, a final response is returned.

[0070] The covariance matrix may be shrunk in one or more or a combination of manners. For
example, in some cases, non-diagonal elements of the covariance matrix that are below some
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statistical threshold may be set to zero. In one example, the threshold may be set such that the
covariance matrix becomes a sparse matrix. In another example, at most one non-zero non-
diagonal element may be allowed for each response, resulting in at most one non-zero
element in any non-diagonal row or column of the matrix. This constraint is intended to simplify
the matrix inversion which can be reduced to a series of 2x2 matrix inversions. Further detail
on one example of shrinking the covariance matrix is shown in Figure 4.

[0071] Figure 3B illustrates another embodiment of a method 340 for analyzing the noisy
signal (220 in Figure 2). At 345, the on-going EEG signal (noisy signal) is divided into a set of
individual responses to the stimulus. In this case, the division is based on the responses being
synchronized to the stimuli.

[0072] At 350, a decomposition algorithm may be applied to obtain sub-responses, for
example, of different frequency components, for each individual response. The sub-responses
can then be arranged in sets made up of corresponding sub-responses from each response,
for example, a set of sub-responses for each frequency component. An example method for
obtaining the sub-responses using wavelets is described in further detail below with reference
to Figure 5. Other examples of decomposition methods include short-time Fourier transform,
chirplets, and bandwidth (bank) filtering.

[0073] At 355, a loop for each set of sub-responses is performed in which a final sub-response
is constructed. For each set of sub-responses, at 360, a covariance matrix is estimated. At
365, the covariance matrix is selectively shrunk. At 370, global minimum variance weights are
calculated. At 375, weights are applied to construct a final sub-response. This process loops
until all sub-responses have been processed.

[0074] At 380 the sub-responses are summed to produce a final response and, at 385, the
final response is returned.

[0075] An embodiment of a method 400 for shrinking the covariance matrix is illustrated in
Figure 4. At 405, a correlation is calculated between pair combinations of responses. At 410, a
list of negatively correlated pairs is created. At 415, the most negatively correlated pair is
determined. At 420, it is determined whether one of the responses in the correlated pairis in a
shrinkage list. If the response is not in the list, at 425, both responses of the pair are added to
the shrinkage list. If the response is already in the list, or after it has been added to the
shrinkage list, the pair is removed from the list of negatively correlated pairs, at 430. This
preparation of the shrinkage list fulfils the criteria of at most one non-zero element in any non-
diagonal row or column of the matrix.

[0076] At 435, it is determined whether there remain any negatively correlated pairs. If there
are still pairs in the list, a loop is repeated until the list of negatively correlated pairs is empty.
Once empty, at 440, all non-diagonal elements of the covariance matrix corresponding to
responses not in the shrinkage list are set to 0. At 445, the shrunk covariance matrix 25 is

returned.
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[0077] Another way of visualizing or considering the process of Figure 4 is to make use of a
correlation matrix containing correlation values for pairs of responses. For the correlation
matrix, an upper-triangular correlation matrix is sufficient, since the lower triangular is just a
reflection of the upper-triangular along the diagonal, which will be understood to be all "1's".
First, all positively correlated pairs are set to zero. At this point, there are various approaches
for selecting the pairs to remain while still maintaining the general criteria that no more than
one non-diagonal element should be non-zero per row and column. As an example, with
reference to the method of Figure 4, next the most negatively correlated pair is selected and
the remaining non-diagonal elements within the same row or column are set to zero. This is
repeated with the next most negatively correlated pair of the remaining matrix and continued
until there are no more negatively correlated pairs. This negative correlation matrix is then
used as a "mask” such that, in the covariance matrix 3, the elements corresponding to the

zero elements in the negative correlation matrix are set to zero to provide a shrunk covariance
matrix.

[0078] As a simple example, a method of creating a negative correlation matrix for six
responses is as follows:

1 -08 03 01 =09 =06
-08 1 =02 -07 -08 -04
03 -0z2 1 05 04 09
01 =07 05 1 -01 -0.5
-09 -08 04 -01 1 ~07
-06 -04 09 =05 -07 1

Original correlation matrix

[0079]
1 —08 03 01 -09 -06

0 1 -0z -07 -08 -04
0 0 1 065 04 09
0 0 0 1 =01 -05
0 0 0 0 1 =07
0 0 0 0 0 1

Setting lower triangular components to zero (since reflected)

[0080]
1 -08 0 0 -09 —-06
0 1 —02 -07 -08 -04
o 0 1 o0 0 o
o 0 0 1 -01 -05
o 0o o 0 1 =07
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lo o 0 0 0 14

Removing positive correlations

[0081]
10 0 0 -09 0
01 —02 -07 0 —04
oo 1 0 0 0
00 0 1 0 -05
00 0 0 1 0
00 0 0 0 1

[0082] Selecting most negative correlated element (1,5) and setting remaining non-diagonal
elements in rows 1 and 5 and columns 1 and 5 to 0.

1 0 0 0 -09 0
c 10 -07 0 0
0 0 1 0 0 0
0 0 0 1 0 ¢
0 0 0 0 10
0 0 0 0 0 1

[0083] Selecting the next most negative correlated element (2,4) and setting remaining non-
diagonal elements in rows 2 and 4 and columns 2 and 4 to O.

[0084] This correlation matrix is then used as a mask for the covariance matrix 25 such that

only pair 1,5 and 2,4 will be non-zero in the covariance matrix and thus used with regard to
adjusting the weighting via the inverted covariance matrix.

[0085] In an alternative, it may be possible to extrapolate the negative correlation concept
further by selecting a pairing combination that will give an optimized response, such as the
sum of the correlation of the pairs that will give a maximum negative correlation. It will be noted
that the criteria of no more than one non-diagonal element can be non-zero per row and
column will generally be maintained in order to ease computation. A simple 4 response

example is shown below:
1 -08 —-04 041
-08 1 —-02 -07
—04 -02 1 0.5
01 -07 05 1

Original correlation matrix

[0086]
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1 -08 -04 0.1
0 1 02 -07
0 0 1 0.5
0 0 0 1

Setting lower triangular components to zero (since reflected)

[0087]
1 -08 -04 0
0 1 -02 —07
o 0 1 o0
o 0 0 1

Removing positive correlations

Option 1:
[0088]
1 -0.8 0 0
0 1 6 0
0 0 1 0
0 o0 0 1

[0089] Selecting negative correlated element (1,2) and setting remaining non-diagonal
elements in rows 1 and 2 and columns 1 and 2 to 0. After doing this, there are no more
remaining negative correlated pairs. Option 1 has a sum of -0.8.

Option 2:

[0090]
10 -04 O
01 0 =07
0 0 1 0
0 0 0 1

[0091] Selecting negative correlated element (1,3) and setting remaining non-diagonal
elements in rows 1 and 3 and columns 1 and 3 to 0. After doing this, there is one more
negative correlated pair at (2,4). Option 2 has a sum of - 1.1
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Option 3:
[0092]
1 0 0 0
0 1 -0.2 0
6 0 1 0
0 0 0 1

[0093] Selecting negative correlated element (2,3) and setting remaining non-diagonal
elements in rows 2 and 3 and columns 2 and 3 to 0. After doing this, there are no more
remaining negative correlated pairs. Option 3 has a sum of -0.2.

Option 4:
[0094]
1 0 -04 0
0 1 0 -07
0 0 1 0
0 0 0 1

[0095] Selecting negative correlated element (2,4) and setting remaining non-diagonal
elements in rows 2 and 4 and columns 2 and 4 to 0. After doing this, there is one more
negative correlated pair at (1,3). Option 4 has a sum of - 1.1. As such, the method would select
the most negatively co-related result of Option 2 (which is the same as Option 4) instead of
Option 1 or Option 3, and this Option 2 would be used to prepare the shrunk covariance matrix
2. As can be seen from this simple example, this method may become more computationally

extensive than the method of Figure 4.

[0096] The method 400 may be used such that the correlation, corresponding to a covariance
element/term, may be used to determine the threshold for inclusion of the covariance
element/term in the shrunk covariance matrix such that only the most negatively correlated
elements are included and all other elements are set to zero. Using negatively correlated
elements only, combined with the constraint of one non-zero non-diagonal element per row or
column, is intended to reduce computational complexity and ensure that the resulting weights
are non-negative.

[0097] Following the shrinkage operation, weights may be chosen (320 and 370) to minimize
the variance based on the shrunk/sparse covariance matrix. If the matrix is invertible, one
example solution for global minimum variance weights is determined by equation 1:
., I
w = —
12,771
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where 3 is the shrunk covariance matrix.

[0098] Alternatively the variance may be minimized with constraints on the w* vector such as
limiting the value of a single weight below a predetermined threshold. In some applications, a
priori knowledge of the signal may allow prediction. Minimization can also or alternatively be
achieved using linear programming methods to choose a weighting vector w* that minimizes
the equation

of = wTEZw?

[0099] The technique of weighting evoked response measurements to reduce noise may be
used in combination with other techniques, such as filtering and adaptive filtering. Filtering may
be performed prior to or after completion of the method for detecting an evoked response.

[0100] As noted above at 350, another option for this technique is to decompose each
individual response into multiple responses, for example, of different frequency components (in
this case, the original response can be obtained from the sum of time domain reconstruction of
each of these multiple responses).

[0101] An embodiment of a method 500 of decomposition (350 from Figure 3B) through
wavelets is illustrated in Figure 5. Each of a plurality of responses may be processed
separately as per the above method for the whole response and the result may be a sum of
the processed plurality of responses.

[0102] For example, at 505, a decomposition can be made through a discrete wavelet
transform (DWT) as follows: each individual response is processed with a multilevel DWT to
provide sub-responses in multiple scales or frequency bands in the wavelet domain. At 510,
one of the plurality of sub-response scales is selected. At 515, a wavelet coefficient for each of
the other scales is set to 0. At 520, a multi-level inverse discrete wavelet transformation is
performed. At 525 a time domain sub-response is returned. This is repeated at 530 for the
other scales (from 510 to 525).

[0103] As noted above, at 380 of Fig. 3B, the final response will simply be the sum of all the
sub-responses from the plurality of wavelet scales (leveraging the mathematical properties of
the wavelet transform).

[0104] The method 500 is intended to produce a time domain reconstruction for each scale,
with each individual response equal to the sum of these time domain reconstructions. Each
time domain reconstruction corresponding to a specific scale of the discrete wavelet transform
is used to estimate a covariance matrix for that scale. Weights are estimated on a scale-by-
scale basis as per the above procedure for the whole wave response and a final response is
the sum of each scale's weighted response estimate. This enhancement of weighting of each
scale takes advantage of the structure of the covariance matrix for each scale individually. This
may be especially beneficial when the noise in the responses contains more than one
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sinusoidal component at different frequencies (that are separated into different wavelet scales)
which would commonly occur when the noise is, for example, dominated by several power-line
harmonics. This method of decomposition, may be applied to other synchronized signals, for
example, other physiological signals.

[0105] Another option for the analysis of the responses (225 in Figure 2) involves a multi-
dimensional expansion (unlike the covariance matrix, which, is only two-dimensional), whereby
another statistic, such as residual root mean square (rms), may be used instead of or in
addition to covariance. This other statistic may be calculated based on the combination of
measured response singles, pairs, triplets, quadruplets, and quintuplets (for example, a fifth-
dimensional analysis). This multi-dimensional matrix or array will be the statistic matrix in 310
and 360 (in place of the covariance matrix from the description above). In the rms example,
the diagonal of this matrix will be populated with the rms of the single responses and the three-
dimensional matrix will be populated with the residual rms after combining each measured
response pair, and each measured response triplet. Combining the response may be done as
an average, weighted average, or other method. The shrinking may then be done with the
constraint of only one non-zero non-diagonal element per dimension (row or column in two-
dimension, as done above). For the example of rms, in the shrinking, the choice of which
element(s) to include may be based, for example, on the element with the smallest residual
rms in that dimension that is not in conflict with a smaller residual rms in an intersecting
dimension using a process adapted from that of Figure 4. In a similar way, the method of
determining weights to be used, may be based on the statistic chosen. In the rms example, the
weights may be calculated from the inverse of the residual rms of the shrunk matrix (with
appropriate simplifications) as in 320 and 370, and the responses will be combined to construct
the final response as in 325 and 375.

Experimental Results for Noise Reduction Techniques

[0106] To illustrate the effect of the detection methods herein in measuring the auditory
brainstem response and in measuring the mismatched negativity (MMN) response, an
embodiment of the apparatus, system and method described herein was implemented and its
use in ABR and MMN examined. Sample results are presented herein. While results may vary
somewhat from individual to individual and depending on the noise in each situation, it is
believed that these results show the advantages of embodiments of the apparatus, system and
method described herein.

ABR Experiment

[0107] In this experiment, responses were collected to auditory click stimuli (30 dB nHL) in the
right ear of a newborn infant. The data was collected in a hospital environment that included
several powerline harmonics from powered equipment. An example of raw data responses is
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shown in Figure 6 and illustrates multiple powerline harmonics dominating the response. For
3200 responses, the variance and covariance of all response pairs was calculated and the
data was used to populate the covariance matrix 2. The covariance matrix was shrunk by
leaving all the diagonal elements and applying all of the following three methods:

Method 1) create 25 by setting all non-diagonal elements to zero. This method is similar to

selecting weights for each response proportional to the inverse of the variance of the
response. This is a conventional method.

Method 2)

1. a. Sort response pairs in order of the most negatively correlated first.

2. b. Select the most negatively correlated pairs in order, discarding pairs that include a
response that has already been selected.

3. ¢. Create 25 by leaving the value of the non-diagonal terms corresponding to the above

selected pairs to their original value in ¥ and setting all other non-diagonal terms to zero.
Method 3)

1. a. Preprocess individual responses to an individual stimulus by applying a multilevel
discrete wavelet transform (in this experiment a Biorthogonal 5.5 multilevel DWT),
separating the response into 5 scales, which included 4 detail and 1 approximation.

2. b. Convert these scales back to the time domain by setting the wavelet coefficients for
the other scales to zero and applying the corresponding multilevel inverse DWT.

3. ¢. Perform the following on a scale-by-scale basis for the time domain scale specific
signals for all responses:

1. i. Sort response pairs in order of the most negatively correlated first.

2. ii. Select the most negatively correlated pairs in order discarding pairs that include
a response that has already been selected.

3.1ii. Create Zg by leaving the value of the non-diagonal terms corresponding to the

above selected pairs to their original value in £ and setting all other non-diagonal
terms to zero.

[0108] For all methods (for Method 3, this is performed on a scale-by-scale basis):

1. a. Calculate the minimum variance weights with the equation
I
T1xr1

*

2. b. Calculate the weighted average of the responses using the above weighting vectors.
3. ¢. For Method 3 recombine the weighted average responses for all 5 scales by summing
the weighted average calculated for each scale.
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[0109] Results of this experiment are illustrated in figures 7, 8 and 9. In order to examine
response repeatability for each method, the results are divided into 2 independent series. Half
the data (1600 responses) were used to generate Series 1 and half the data (1600 responses)
was used to generate Series 2. The division of the data into these groups/sets can be
performed using various appropriate techniques, however, in this particular experiment, the
technique used was the Monte Carlo procedure described in US Patent 8,484,270 to Kurtz.

[0110] It may be noted that, for all methods, the auditory brainstem response, known as Wave
V, at about 8 milliseconds (peak followed by a negatively sloping wave) is clearly apparent. In
Fig. 7, it is apparent that the response in Method 1 is impacted by 60 Hz power line noise,
which may impact repeatability (as illustrated by differences between Series 1 and Series 2).
Method 2 appears to reduce or eliminate the dominant 60 Hz harmonic but higher harmonics
may negatively affect the repeatability of the response (the tracking of Series 1 and Series 2 is
still not precise). Using Method 3, it is apparent that unwanted variance due to noise is
minimized, as among these three methods.

Mismatch Negativity (MMN) Experiment

[0111] The mismatched negativity response is an evoked response that is generated to an odd
or deviant stimulus in a sequence of otherwise similar stimuli. Although it is not dependent on
attention, it is a cortical response and, as such, related to consciousness. The hypothesis of
this experiment is that there is a detectable difference between the responses to standard and
deviant stimuli when the patient is conscious but there is not a detectable difference during
anesthesia and that the variability in the data will be reduced by making use of embodiments of
the apparatus, system and method described herein.

[0112] A patient was stimulated with a short duration auditory chirp stimulus at an intensity of
65 dB HL at approximately 1.7 stimuli per second. Randomly inserted deviant stimuli that
contained slightly higher frequency content than the standard stimuli were also applied. In the
experiment, 426 responses to the standard stimulus and 107 responses to the randomly
inserted deviant stimuli were collected from electrodes on the patient's scalp prior to the
administration of anesthesia. This process was repeated during the maintenance phase of
anesthesia. These responses were analyzed and weighted according to the three methods
described in the ABR experiment described above and the performance was compared.

[0113] The results of the experiment using the 3 methods are displayed in the graphs in Figs.
10, 11 and 12 for the pre-operative testing and Figs 13, 14 and 15 for the anesthesia testing
and in Table 1 below. The MMN experiment is intended to illustrate the average standard and
deviant responses as opposed to illustrating repeatability as in the ABR experiment described
above. An MMN response is determined to be present when the peak amplitude of the
processed deviant response is statistically different than that of a standard response in the
region of expected MMN response (between 50 and 300 ms after onset of stimulus). As an
MMN response depends on the consciousness state of the subject, in the awake pre-op state,
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we expect there to be a significant MMN, while in the anesthesia state, we do not expect there
to be an MMN present.

[0114] Using Method 1, a detectable response in the appropriate 50-300ms time frame during
the pre-operative period is clear (Fig. 10). There is also an artifactual response detected when
the patient was unconscious under anesthesia (Fig. 13), which makes it difficult to determine if
the patient is truly unconscious. This artifactual response is believed to be present because of
the overwhelmingly large alpha band EEG present in the anesthesia condition. In particular,
since the EEG noise is in the same frequency range as the signal, it interferes with the signal.
The difference in peaks between the standard and deviant is high even in the anesthesia case.
The statistically-based t-test in Table 1 illustrates that the response may not be statistically
significant. The noise in this case would therefore appear to prevent definitive classification as
to whether this patient is in the conscious state or not.

[0115] Using Method 2, however, the situation is significantly improved and the difference
between the pre-operative data (Fig. 11) and the anesthesia data (Fig. 14) is clear. This
example is believed to be generally typical of results using this method but there may be some
variation based on, for example, the subject, the noise conditions and the like.

[0116] Using Method 3, the large alpha band was removed from the results, clearly showing
the lack of an MMN response in the anesthesia data (Fig. 15) but maintaining a clear response
in the pre-operative data (Fig. 12). Again, there may be some variation in the performance of
the different methods based on, for example, the subject, the noise conditions and the like.
Table 1: MMN Performance: Comparing Peak Deviant with Peak Standard

Difference (pV) Standard Error t-test

Pre-Op

Method 1 4.876 0.360 0.001
Method 2 3.493 0.270 0.001
Method 3 1.988 0.168 0.001
Anesthesia

Method 1 2.515 2.083 0.314
Method 2 0.846 0.920 0.426
Method 3 0.289 0.292 0.396

[0117] In the preceding description, for purposes of explanation, numerous details are set forth
in order to provide a thorough understanding of the embodiments. However, it will be apparent
to one skilled in the art that these specific details may not be required. In other instances, well-
known structures may be shown in block diagram form in order not to obscure the
understanding. For example, specific details are not provided as to whether the embodiments
or portions thereof described herein are implemented as a software routine, hardware circuit,
firmware, or a combination thereof.
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[0118] Embodiments of the disclosure or portions thereof can be represented as a computer
program product stored in a machine-readable medium (also referred to as a computer-
readable medium, a processor-readable medium, or a computer usable medium having a
computer-readable program code embodied therein). The machine-readable medium can be
any suitable tangible, non-transitory medium, including magnetic, optical, or electrical storage
medium including a diskette, compact disk read only memory (CD-ROM), memory device
(volatile or non-volatile), or similar storage mechanism. The machine-readable medium can
contain various sets of instructions, code sequences, configuration information, or other data,
which, when executed, cause a processor to perform steps in a method according to an
embodiment of the disclosure. Those of ordinary skill in the art will appreciate that other
instructions and operations necessary to implement the described implementations can also be
stored on the machine-readable medium. The instructions stored on the machine-readable
medium can be executed by a processor or other suitable processing device, and can interface
with circuitry to perform the described tasks.
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-1-
SYSTEM, FREMGANGSMADE OG ANORDNING TIL DETEKTERING AF ET FREMKALDT
RESPONSSIGNAL

PATENTKRAV
1. Fremgangsmade til detektering af et fremkaldt responssignal i stej, hvor fremgangsmaden omfatter:
generering (205), ved hjzlp af en stimulusgenerator (105), af en flerhed af stimuli;

modtagelse (210), ved hjzlp af ¢én eller flere sensorer (115), af et stojende signal relateret til et
fremkaldt respons pa flerheden af stimuli;

opdeling (303), ved hjelp af en processor (1353), af det stojende signal i en flerhed af responser pa
flerheden af stimuli;

estimering (310), ved hjalp af processoren (135), af en statistisk matrix for flerheden af responser;

indsnaevring (315), ved hjelp af processoren (135), af den statistiske matrix for at undga foregelse

af fejl i den statistiske matrix, nar den statistiske matrix er inverteret;

beregning, ved hjzlp af processoren (135), af vagtninger baseret pa en invers af den indsnaevrede

statistiske matrix;

anvendelse, ved hjlp af processoren (133), af de beregnede vagininger pa flerheden af responser

for at generere reviderede responser;

konstruktion, ved hj&lp af processoren (135), af et endeligt respons ved vagtgennemsnitsberegning
af de reviderede responser, hvor det endelige respons reprasenterer det fremkaldte respons eller indikerer,

om der er detekteret et fremkaldt respons eller ¢j; og
udlasning (330), ved hjzlp af processoren (135), af det endelige respons.
2. Fremgangsmade ifelge krav 1, hvor indsnavring (315) af den statistiske matrix omfatter:
beregning af korrelationer mellem parkombinationer af responser,
frembringelse af en liste over negativt korrelerede parkombinationer af responser og
for hver negativt korrelerede parkombination i listen:

bestemmelse af, om ét af responserne i parkombinationen er pa en indsnzvringsliste, og hvis det er
tilfeldet, fjernelse af parkombinationen fra listen over negativt korrelerede parkombinationer, ellers tilfojelse

af responserne fra parkombinationen pa indsnavringslisten;

nar listen over negativt korrelerede parkombinationer af responser er tom, frembringelse af en maske

til den statistiske matrix; og

anvendelse af masken til den statistiske matrix for at opna den indsnavrede statistiske matrix.
3. Fremgangsmade ifolge krav 2, hvor masken frembringes ved:

frembringelse af en diagonal matrix af den samme dimension som den statistiske matrix og

fastsattelse af samtlige ikke-diagonale elementer fra den statistiske matrix svarende til responser,

der ikke er pa indsnavringslisten, til nul.

4. Fremgangsmade ifolge et hvilket som helst af kravene 1 til 3, og som endvidere omfatter:



10

15

20

25

30

DK/EP 3197351 T3

2.
deling, ved hjzlp af processoren (135), af hvert respons af flerheden af responser 1 en flerhed af
delresponser for at frembringe en flerhed af sat af delresponser, hvor hvert delrespons indeholder et bestemt
delsat af informationer fra dets tilsvarende respons;
anbringelse, ved hjzlp af processoren (135), af delresponserne i szt og
for hvert szt af delresponser, udferelse af estimeringen, indsnevringen og anvendelsen for at
generere reviderede delresponser,
hvor konstruktion af det endelige respons omfatter vaegtgennemsnitsberegning af de reviderede
delresponser og sammenlagning af de vagtgennemsnitlige delresponser til at konstruere det endelige
respons.
5. Fremgangsmade ifolge krav 4, hvor hvert st af delresponser svarer til et bestemt frekvensband.
6. Fremgangsmade ifelge krav 35, hvor det bestemte frekvensband beregnes ved hjlp af wavelet-
nedbrydning.
7. Fremgangsmade ifolge et hvilket som helst af kravene 1 til 6, hvor én af:
statistikken er kovarians, og den statistiske matrix er en kovariansmatrix af to dimensioner; og
statistikken er en kvadratisk middelvardi, og den statistiske matrix er en kvadratisk
middelvaerdimatrix af to eller flere dimensioner.
8. Fremgangsmade ifelge et hvilket som helst af kravene 1 til 7, hvor opdeling (305) af det stojende
signal i en flerhed af responser pa flerheden af stimuli baseres pa flerheden af responser, der synkroniseres

med flerheden af stimuli.
9. Anordning (100) til detektering af et fremkaldt responssignal i stej, hvor anordningen omfatter:

en stimulusgenerator (105) konfigureret til at generere en flerhed af stimuli;

en flerhed af sensors (115) konfigureret til at modtage et stejende signal, der indbefatter et fremkaldt
responssignal pa flerheden af stimuli; og

en processor (135) konfigureret til at udfere fremgangsmaden ifelge et hvilket som helst af kravene
1til 8.
10. System til detektering af et fremkaldt responssignal i stgj, hvor systemet omfatter:

en indleesningsenhed konfigureret til at modtage data relateret til en flerhed af stimuli og et stgjende
signal relateret til det fremkaldte responssignal pa flerheden af stimuli; og

anordningen (100) ifelge krav 9.
11. Ikke-transitorisk, computerlaesbart medium, hvorpa der er lagret computerprogramkode til udferelse
for at bevirke, at anordningen ifelge krav 9 udferer fremgangsmaden ifolge et hvilket som helst af kravene 1
til 8.

12. Computerprogram, der omfatter computerprogramkode til udferelse for at bevirke, at anordningen

ifolge krav 9 udferer fremgangsméaden ifelge et hvilket som helst af kravene 1 til 8.
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