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Description

[0001] The invention relates to a direct neural interface system and to a method of interfacing a subject’s brain to a
machine, e.g. a robotic arm, according to the independent claims. The dependent claims define advantageous embod-
iments. Direct neural interface systems, also known as brain-computer interfaces (BCI) allow using electrophysiological
signals issued by the cerebral cortex of a human or animal subject for driving an external device or machine. BCI have
been the subject of intense research since the seventies. In 2006, a tetraplegic subject has been able to drive a robotic
arm through a BCI. See the paper by Leigh R. Hochberg et al. "Neuronal ensemble control of prosthetic devices by a
human with tetraplegia", Nature 442, 164-171 (13 July 2006).
[0002] Until now, the best results in this field have been obtained using invasive systems based on intracortical elec-
trodes. Non-invasive systems using electroencephalographic (EEG) signals have also been tested, but they suffer from
the low frequency resolution of these signals. Use of electrocorticographic (ECoG) signals, acquired by intracranial
electrodes not penetrating the brain cortex, constitutes a promising intermediate solution.
[0003] Conventional BCI systems use a limited number of "features" extracted from EEG or ECoG signals to generate
command signals for an external device. These features can be related e.g. to the spectral amplitudes, in a few determined
frequency bands, of ECoG signals generated by specific regions of the cortex when the subject imagines performing a
predetermined action. As a result, only a few features of the signal are used, while the other features of the signal are
not taken into account. This approach is not completely satisfactory as, for any different command signal to be generated
(e.g. vertical or horizontal movement of a cursor on a screen) it is necessary to identify different features, associated to
different actions imagined by the subject and substantially uncorrelated from each other. Moreover, it is intrinsically
inefficient as only a small amount of the information carried by the acquired ECoG signals is exploited.
[0004] The paper by Zenas C. Chao, Yasuo Nagasaka et Naotaka Fujii "Long term asynchronous decoding of arm
motion using electrocorticographic signals in monkeys", Frontiers in Neuroengineering, Vol. 3, Art. 3, March 30, 2010
describes a method of decoding (i.e. predicting) the motion of a monkey arm by applying PLS (Partial Least Squares)
regression to wavelet-transformed ECoG signals. Such an approach allows a more efficient exploitation of the information
carried by neuronal signals, and does not rely on predetermined "features" of said signals.
[0005] Document WO 2011/144959 discloses a BCI method wherein control signals for an external device or machine
are generated by applying multi-way regression (e.g. N-way PLS, or NPLS) to neuronal signals represented as three-
way tensors, said three ways corresponding to time, frequency and space. Use of multi-way instead of more conventional
multiple regression (e.g. PLS) allows an even more efficient use of information.
[0006] Prior art BCI methods based on regression (either multi-linear or multi-way) suffer from some drawbacks.
Notably:

- "Background" (non-task related) brain activity generates noise-like parasitic signals, which in turn generate spurious
low-amplitude command signals. If the BCI is used e.g. to control a robotic arm, these spurious command signal
induce a tremor of the arm in the absence of voluntary motion.

- Muscular contraction (in particular, mastication) generates artifacts in the form of sharp peaks with large amplitude.
If the BCI is used e.g. to control a robotic arm, these artifacts can induce large, unwanted motions.

[0007] Moreover, background brain activity and muscular artifacts are also suitable to "pollute" the data set used for
learning the regression model used for command signal generation.
[0008] The paper of Kentaro Shimoda et al. "Decoding continuous three-dimensional hand trajectories from epidural
electrocorticographic signals in Japanese macaques", Journal of Neural Engineering, Vol. 9, No. 3 discloses a method
for detecting mastication artifact and eliminating them from the training data set of a regression model. However, this
method cannot be applied "online" (in real time), during the application of the model.
[0009] The invention aims at overcoming at least some of the drawbacks of the prior art. More particularly, the invention
aims at providing a BCI method and system which is at least partially immune from noise induced by background signal
activity and/or muscular artifacts, while making efficient use of information carried by neuronal signals.
[0010] An object of the invention, allowing achieving this aim, is a direct neural interface system comprising :

- a signal acquisition subsystem for acquiring electrophysiological signals s(t) representative of neuronal activity of
a subject’s brain; and

- a processing unit for representing electrophysiological signals acquired over an observation time window in the form
of a N-way data tensor, N being greater than or equal to one, and generating command signals for a machine by
applying a regression model over said data tensor;

characterized in that said processing unit is configured or programmed for generating command signals for a machine
by applying Generalized Linear regression, with a nonlinear link function, over said data tensor.
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[0011] According to different embodiments:

- Said processing unit may also be configured or programmed for detecting and correcting outlier elements of said
data tensor before applying said Generalized Linear regression.

- More particularly, said processing unit may be configured or programmed for generating command signals for a
machine by applying Generalized Additive Linear regression over said data tensor, said Generalized Additive Linear
regression making use of additive functions fi(xi) of the form: 

where xi is an element of said data tensor x(t) and f1,l and f2,i are different functions.

- Even more particularly, said processing unit may be configured or programmed for generating command signals
for a machine by applying Generalized Additive Linear regression over said data tensor, said Generalized Additive
Linear regression making use of additive functions f¡(xi) of the form: 

where xi is an element of said data tensor x(t) and ci is a constant.
- Said processing unit may be configured to define said additive functions fi by applying a statistical test to a calibration

dataset
- Said processing unit may be configured or programmed for representing electrophysiological signals acquired over

an observation time window in a form chosen among: a 3-way data tensor x(t); or a vector x(t) corresponding to an
unfolded 3-way data tensor; said three ways corresponding to time, frequency and space,

- Said processing unit may be configured or programmed for performing Generalized Linear regression based on
PLS regression.

- Said signal acquisition subsystem may comprise a plurality of ECoG or EEG electrodes.
- Said processing unit may be configured or programmed for generating continuous command signals.

[0012] Another object of the invention is a method of interfacing a subject’s brain to a machine comprising the steps of:

a) acquiring electrophysiological signals representative of neuronal activity of the subject’s brain;
b) representing electrophysiological signals acquired over an observation time window in the form of a N-way data
tensor x(t), N being greater than or equal to one; and
c) generating command signals for said machine by applying a regression model over said data tensor;

characterized in that said step c) comprises generating said command signals by applying Generalized Linear regression
over said data tensor.
[0013] According to different embodiments:

- The method may comprise a preliminary calibration step comprising: acquiring electrophysiological signals repre-
sentative of neuronal activity of the subject’s brain, and representing said electrophysiological signals acquired over
at least one observation time window in the form of a N-way data tensor x(t), N being greater than or equal to one;
acquiring at least one output vector y(t) associated to said time window or windows; determining a linear regression
model between said data tensor or tensors and the corresponding output vector or vectors, and predicting at least
on output vector y(t) from said linear regression model and at least one said data tensor; and determining, by
nonlinear regression, a link function fitting said acquired output vector or vectors y(t) with corresponding predicted
output vector or vectors y(t).

- Said step c) may further comprise detecting and correcting outlier elements of said data tensor before applying said
Generalized Linear regression.

- Said step c) may be performed by applying Generalized Additive Linear regression over said data tensor, said
Generalized Additive Linear regression making use of additive functions fi(xi) of the form: 

^

^
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where xi is an element of said data tensor x(t) and f1,l and t2,i are different functions.
- More particularly, said step c) may be performed by applying Generalized Additive Linear regression over said data

tensor, said Generalized Additive Linear regression making use of additive functions fi(xi) of the form: 

 where xi is an element of said data tensor and ci is a constant.
- Said step c) may comprise a preliminary calibration step comprising defining define said additive functions fi by

applying a statistical test to a calibration dataset.
- Said step b) may comprise representing electrophysiological signals acquired over an observation time window in

a form chosen among: a 3-way data tensor x(t); or a vector x(t) corresponding to an unfolded 3-way data tensor;
said three ways corresponding to time, frequency and space,

- Said step c) may comprise performing Generalized Linear regression based on PLS regression.
- Said step a) may comprise acquiring ECoG or EEG signals by using a plurality of spatially separated electrodes.
- Said step a) may comprise generating continuous command signals.

[0014] Additional features and advantages of the present invention will become apparent from the subsequent de-
scription, taken in conjunction with the accompanying drawings, which show:

- Figure 1, a functional scheme of a direct neural interface system according to an embodiment of the invention;
- Figure 2, a plot comparing an observed hand movement and its prediction by Unfolded PLS (UPLS) regression on

ECoG signals, according to the prior art;
- Figure 3, a plot illustrating outlier detection in a method according to an embodiment of the invention;
- Figure 4, a plot comparing an observed hand movement and its prediction by Additive Model - Unfolded PLS (AM-

UPLS) regression on ECoG signals;
- Figure 5, a plot illustrating the determination of a link function used in a method according to an embodiment of the

invention;
- Figure 6, a plot comparing an observed hand movement and its prediction by Generalized Linear Model - Unfolded

PLS (GLM-UPLS) regression on ECoG signals; and
- Figure 7, a plot comparing an observed hand movement and its prediction by Generalized Additive Model - Unfolded

PLS (AM/GLM-UPLS) regression on ECoG signals.

[0015] Figure 1 illustrates the general structure of a direct neural interface system according to an exemplary, and
non-limiting, embodiment of the invention. In this embodiment, the cortex of the brain B of a human or animal subject is
implanted with 32 measurement electrodes (to simplify the figure, only 14 are illustrated: references 2 - 15) and three
reference electrodes (reference 1) for acquiring ECoG signals. As it is commonly known, the aim of these reference
electrodes is to provide a "common signal". By "common signal", it is meant an electrical signal that affects all or most
of measurement electrodes. As this signal is less specific to actions, it is usually preferable to evaluate it, as precisely
as possible, so as to remove it. In this purpose, one or more reference electrodes may be operated. The ECoG signals
acquired by the electrodes are pre-processed by a pre-processing module PPM.
[0016] Pre-processing comprises amplifying and filtering the raw signals acquired by the electrodes, sampling them
e.g. at 1 kHz, converting the sample to digital format. In some embodiments, pre-processing may include subtracting a
common signal measured by all electrodes.
[0017] The ECoG electrodes 1 - 15 and pre-processing module PPM form an acquisition subsystem, outputting a
digital multichannel signal s(t).
[0018] Signal s(t) is then provided to a processing unit or module PM for generating command signals S(t) driving an
external device or machine ED, e.g. a manipulator. Advantageously, command signals S(t) are "continuous", defining
e.g. a three-dimensional trajectory of manipulator ED.
[0019] The pre-processing and processing modules can be implemented in the form of application-specific integrated
circuits, programmable circuits, microprocessor cards, suitably programmed general-purpose computers, etc.
[0020] In the present exemplary embodiment of the invention, the method is applied for decoding the continuous three-
dimensional hand trajectories from epidural ECoG signals of a Japanese macaque.
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[0021] In their above-referenced paper "Long term asynchronous decoding of arm motion using electrocorticographic
signals in monkeys", Zenas C. Chao and coworkers have recorded epidural ECoG signals of a Japanese macaque, and
used them to decode (predict) continuous three-dimensional hand trajectories of the animal (hand motion was recorded
by an optical motion capture signal with a sampling rate of 120 Hz). In the same time ECoG signals were recorded with
a sampling rate of 1 kHz from 32 electrodes implanted in the brain.
[0022] In the present exemplary embodiment of the invention, the observed three-component hand trajectory signals
are used to train the regression model, whereas the ECoG signals are used as input data.
[0023] Although the present exemplary embodiment is based on the hand movement of a monkey, the method could
be used to acquire neuronal signal generated by the brain of a human subject imagining an action (e.g. moving an arm);
then, a suitably trained regression model is used to generate - taking the neuronal signals as inputs - continuous command
signals for a robotic arm, to make it follow the movement imagined by the subject.
[0024] A preliminary calibration step is necessary to build the regression model. This calibration step is carried out
using a so called training set. This training step is followed by a step of model verification (so-called "test" step), using
a so called test set. Train and test sets do not overlap.
[0025] During both calibration and test steps, features of recorded signals are extracted, so as to define a feature
tensor x(t) from preprocessed signal s(t). Data (i.e. preprocessed ECoG signals) are subdivided into "time epochs", e.g.
of 1 second duration; successive epochs have a temporal spacing of 0.2 s, therefore they overlap by 0.8 s. The signals
of each epoch are mapped to time-frequency-space domain by continuous wavelet transform, e.g. by considering a
frequency band from 5 to 300 Hz with 5 Hz steps. Due to the 1 kHz sampling rate, each time epoch initially includes
1000 time points.
[0026] At each frequency, the module of the wavelet-transformed signal is calculated. Further, a sliding average is
applied, the size of the sliding windows being 100 ms. Then, a 10 times down sampling is carried out, so as to reduce
the amount of time point data. As a result, each epoch is converted into a three-way tensor of dimension 60x100x32
(192,000 elements): 60 frequency bins, 100 time points, 32 channels, or electrodes.
[0027] During the calibration step, 1500 time epochs are considered. As a result, each time epoch-related feature
tensor x(t) is gathered so as to form a fourth order calibration tensor X.
[0028] The calibration tensor X is unfolded, which results in a matrix, each line of the matrix including an unfolded
feature tensor x(t). In this case, during the test step, each feature tensor x(t) is further "unfolded" to form a vector (one-
dimensional tensor) x(t).
[0029] The output vector y(t) includes the coordinates y(t) of the hand of the monkey at time t. During the calibration
step, each y(t) vector corresponding to a given feature tensor x(t) is gathered to form a matrix Y. Therefore, the training
data set includes :

- y(t) vectors resulting from a tracking system which records the output variables, namely the hand coordinates; and
- x(t) feature tensors, corresponding to respective y(t) vectors.

[0030] The calibration step aims at determining a regression model between said output variables y(t) and said x(t)
feature tensors.
[0031] According to the prior art, the regression model is linear multivariate and can be written: 

where:

- E(·) represents the expected value of a random variable ;
- x is the unfolded feature tensor x(t), and xi with i=1 - p (in the exemplary embodiment, p=192,000);
- y is a coordinate of the ouput vector y; and
- β0, βj, are constants, determined during the calibration

[0032] Alternatively, the calibration tensor may X not be unfolded, as described in WO2011144959. In this case, non-
unfolded feature tensors also have to be used during the output vector calculation (i.e. trajectory decoding) step.
[0033] During the test step, the command signal S(t) is generated by applying regression model (1) to the feature
tensors x(t) (more sophisticated approaches could use even higher-dimensional data tensors).
[0034] Figure 2 has been obtained from the experimental data of Zenas C. Chao and coworkers (publicly available at
http://neurotycho.org/epidural-ecog-food-tracking-task). The thin line represents the z-coordinate of the observed hand
movement; the continuous line represents its reconstruction - which can be used as a command signal for a machine
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such as a robotic arm - obtained by applying unfolded PLS (UPLS) regression to epidural ECoG signals, preprocessed
as discussed above, each time epoch being represented by a two-way tensor corresponding to the unfolding of a time-
frequency-space three-way tensor. On figure 2, feature A represents an artifact due to mastication and feature B rep-
resents noise due to background brain activity. Therefore, the figure illustrates the above-mentioned drawbacks of the
prior art.
[0035] The quality of the trajectory decoding (or "prediction") can be expressed by the correlation coefficients R, the
normalized Absolute Mean Errors AME and the Absolute Mean Difference Errors AMDE. In the case of figure 2 one has:

RUPLS=(0.51, 0.71, 0.67)
AMEUPLS=(26.6, 26.5, 47.6)
AMDEUPLS=(20.1, 16.2, 32.7)

where values within brackets refers to x, y and z components of the hand trajectory (only the z-component being illustrated
on the figure). The index "UPLS" reminds that PLS regression is used.
[0036] Actually, the figure 2 displays two sorts of noise :

- The first type of noise is a high amplitude noise, which may be related non-brain specific activity. For example, it
can be bodily muscular activity, such as mastication (see feature A on figure 2)

- The second type is the brain background activity, i.e. non informative brain signal. (see feature B on figure 2)

[0037] An aim of the invention is to address these sorts of noises (or at least one of them), by the use of two different
noise correction methods, so called Generalized Additive Model and Generalized Linear Regression which can be
operated separately or combined.
[0038] According to an embodiment of the present invention, artifact due to non-brain activity (e.g. feature A on figure
2) can be corrected by:

• Identifying components of each feature sensor which may be considered as outliers
• Correcting the previously identified outliers.

By outlier, it is meant a component of the feature tensor, which value is considered as not relevant with brain activity.
Usually, outliers denote features which value exceeds a determined range.
[0039] From a mathematical standpoint, the proposed method is equivalent to replacing conventional multivariate
linear regression - i.e. equation (1) - by a so-called linear Additive Model: 

with additive functions fi defined as: 

f1,l and f2,i being different functions. In other words, a function f is applied on each feature xi of a feature tensor x(t) ,
said function f being different whether said feature is considered as an outlier or not. In particular embodiments, the f2,i
function may be constants, which can be determined during the calibration step, in which case (3) becomes: 

[0040] Even more particularly, the constant ci may be equal to zero.
[0041] It is worth noting that additive functions fi are discontinuous, while, in the prior art, Additive Models most often
use continuous and smooth additive functions.
[0042] There are several ways to identify outliers. For example, a statistical test can be performed based on the training
data set. The distribution density of each feature xi can be estimated, the values exceeding a given threshold being then
considered as outliers. The threshold can be predetermined, or calculated through statistical tests, such as the Grubb’s
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test.
[0043] Figure 3 shows the plot of an exemplary probability density function (pdf) for an element, so called "zscore" of
generic tensor element xj (j=1 ... 192,000) and a threshold, determined by Grubbs’ test, discriminating outliers from
acceptable values. The term zscore denotes that the variable has previously been centered (mean value = 0) and scaled
(standard deviation = 1). Anyway, data centering and scaling, prior to outlier identification, is optional.
[0044] Figure 4 shows the prediction of the z-component of the hand trajectory obtained using the Additive Model of
equations (2) and (3) combined with UPLS regression (AM-UPLS). Experimental data are the same as in figure 2, and
the dotted line corresponds to the z-component of the observed trajectory. It can be seen that artifact A has disappeared
- being replaced by a much less intense noise-like disturbance. Moreover, noise B has been attenuated.
[0045] The values of R, AME and AMDE are as follows:

RAM-UPLS=(0.57, 0.74, 0.76)
AMEAM-UPLS=(23.6, 22.1, 37.0)
AMDEAM-UPLS=(15.0, 12.8, 24.5).

[0046] With respect to the conventional linear UPLS model used to obtain figure 2, R has increased and AME/AMDE
decreased, which corresponds to an improvement of the quality of the prediction.
[0047] Although it also reduces noise, use of a linear Additive Model is primarily effective against muscular artifacts.
A more effective way of dealing with noise, in particular induced by non-task related brain activity, is the use of a
Generalized Linear Model (or Generalized Linear Regression model). As it is known in the art, in a Generalized Linear
Model, a so-called "link function" (which is generally non-linear) is applied to the linear combination of predictor used in
standard linear multivariate regression: 

where g(·) is the nonlinear "link function".
[0048] Basically, the link function g takes into account, to some extent, the non-linear dependence between the pre-
dictors (i-e feature tensor x(t)) and the response (i-e output) y(t)..
[0049] Inventors have shown that the application of a link function, as previously defined, may significantly improve
the reliability of the predicted vector. The link function g can be determined during the calibration step, as follows:

- observed output vectors y(t) are extracted
- x(t) feature tensors, are measured, so that each feature tensor x(t) corresponds to an observed output vector y(t).
- a first regression model between said output vectors y(t) and said x(t) features tensors is determined;
- predicted output vectors y(t) are computed using said first regression model,
- said predicted output vectors y(t) are compared to the observed output vectors, and a link function g(y(t)) is deter-

mined, preferably by nonparametric regression - e.g. by Nadaraya-Watson kernel regression - which best fits said
observed output vectors y(t). In other words the link function g is determined during a so called fit step, which aims
at defining a link function g which, when applied to linearly predicted values best fits the observed values.

[0050] Said first regression model can be a linear regression model. In this case,  
[0051] Figure 5 shows a particular example of link function, obtained by taking linearly-predicted (i.e. predicted using
linear PLS) values of z (zpredicted) as independent variables and observed values of z (zobserved) as dependent variables,
"z" being the third coordinate of y. It can be seen that, in this particular case, for small values of zpredicted, g(z) is almost
constant, thus suppressing low-amplitude noise; for high values of zpredicted, g(z) tends to a constant value, thus "clamping"
high-amplitude peaks due to artifacts.
[0052] Figure 6 shows the reconstruction of the z-component of the hand trajectory obtained using the Generalized
Linear Model of equation (4) combined with UPLS regression (GLM-UPLS). Compared to figure 2, it can be seen that
the noisy feature B is quite effectively suppressed, and that even artifact A is somehow reduced (in particular by the
suppression of unphysical negative values).
[0053] The values of R, AME and AMDE are as follows:

RGLM-UPLS=(0.56, 0.76, 0.70)

^^

^
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AMEGLM-UPLS=(22.46, 17.1, 34.8)
AMDEGLM-UPLS=(13.0, 12.6, 23.9).

[0054] In a preferred embodiment of the invention, both AM and GLM are combined with a linear regression method
such as UPLS (Generalized Additive Model): 

with additive functions fi given by equation (2) and a link function determined as discussed above.
[0055] The technical result of this preferred embodiment is illustrated on figure 7.
[0056] The values of R, AME and AMDE are as follows:

RAM/GLM-UPLS=(0.66, 0.80, 0.79)
AMEAM/GLM-UPLS=(18.5, 15.5, 31.1)
AMDEAM/GLM-UPLS=(9.2, 10.0, 20.8).

[0057] It can be seen that noisy feature B is almost completely suppressed (which is not achieved by GLM-UPLS
alone, not to speak of AM-UPLS alone), and artifact A is also significantly reduced (while AM-UPLS alone leaves a quite
strong noise-like perturbation). This underlines the synergy between AM and GLM in BCI.
[0058] Equations (1), (2), (4) and (5) correspond to regression models for predicting one coordinate (z) of an arm
trajectory. It will be easily understood that three separate models - and therefore three link functions in the case of GLM-
UPLS and AM/GLM-UPLS and three sets of additive function in the case of AM-UPLS and AM/GLM-UPLS - are required
for the complete prediction of the three-dimensional trajectory.
[0059] The invention has been described with reference to a specific, non-limiting embodiment using UPLS. However,
any other known multivariable or multi-way linear regression method - of the PLS family or not - may be used.
[0060] In the exemplary embodiment described above, neuronal signals are represented by three-way (space, time,
frequency) tensors obtained by continuous wavelet analysis of multichannel signals, which are subsequently unfolded.
However, different N-way representation can also be used. Moreover, several different kind of signal preprocessing can
be applied, as known in the art.
[0061] According to different embodiments of the invention, neuronal signals other than ECoG (e.g. EEG or intracortical
signals) can be used to generate continuous or even discrete command signals, for a machine or external device which
may not be a robotic arm.

Claims

1. A method of interfacing a subject’s brain to a machine comprising the steps of:

a) calibrating comprising:

- acquiring electrophysiological signals (s(t)) representative of neuronal activity of the subject’s brain (B),
and representing said electrophysiological signals acquired over at least one observation time window in
the form of a N-way data tensor x(t), N being greater than or equal to one ;
- acquiring at least one observed output vector y(t) associated to said time window or windows ;
- determining a linear regression model between said data tensor or tensors and the corresponding observed
output vector or vectors, and predicting at least on output vector y(t) from said linear regression model and
at least one said data tensor; and
- determining, by nonlinear regression, a link function fitting said observed output vector or vectors y(t) with
corresponding predicted output vector or vectors y(t) ;

b) acquiring electrophysiological signals (s(t)) representative of neuronal activity of the subject’s brain (B);
c) representing electrophysiological signals acquired over an observation time window in the form of a second
N-way data tensor x(t), N being greater than or equal to one; and
d) generating command signals (S(t)) for said machine by applying Generalized Linear regression over said
data tensor, comprising the link function determined in step a).

^

^
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2. A method according to claim 1 wherein said step d) further comprises detecting and correcting outlier elements of
said data tensor before applying said Generalized Linear regression.

3. A method according to claim 2 wherein said step d) is performed by applying Generalized Additive Linear regression
over said data tensor, said Generalized Additive Linear regression making use of additive functions fi(xi) of the form: 

where xi is an element of said data tensor x(t) and f1,l and f2,i are different functions.

4. A method according to claim 3 wherein said step d) is performed by applying Generalized Additive Linear regression
over said data tensor, said Generalized Additive Linear regression making use of additive functions fi(xi) of the form: 

where xi is an element of said data tensor and ci is a constant.

5. A method according to any of claims 3 or 4 wherein said step d) comprises a preliminary calibration step comprising
defining define said additive functions fi by applying a statistical test to a calibration dataset.

6. A method according to any of claims 3 to 4 wherein in said step c) the electrophysiological signals are in a form
chosen among:

represented

- a 3-way data tensor x(t); or
- a vector x(t) corresponding to an unfolded 3-way data tensor; said three ways corresponding to time,
frequency and space.

7. A method according to any of claims 1 to 6 wherein said step d) comprises performing Generalized Linear regression
based on PLS regression.

8. A method according to any of claims 1 to 7 wherein said step a) comprises acquiring electrocorticographic (ECoG)
or electroencephalograpic (EEG) signals by using a plurality of spatially separated electrodes (1 - 15).

9. A method according to any of claims 1 to 8 wherein said step b) comprises generating continuous command signals.

10. A direct neural interface system comprising :

- a signal acquisition subsystem (1 - 15, PPM) for acquiring electrophysiological signals s(t) representative of
neuronal activity of a subject’s brain (B); and
- a processing unit (PM) for representing electrophysiological signals acquired over an observation time window
in the form of a N-way data tensor (x(t)), N being greater than or equal to one, and generating command signals
(S(t)) for a machine (ED) by applying a regression model over said data tensor;

wherein said processing unit is configured or programmed for carrying out the method of any of the preceding claims.

11. A direct neural interface system according to claim 10 wherein said signal acquisition subsystem comprises a plurality
of electrocorticographic (ECoG) or electroencephalograpic (EEG) lectrodes (1 - 15).
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Patentansprüche

1. Verfahren zum Koppeln des Gehirns eines Probanden mit einer Maschine, umfassend die folgenden Schritte:

a) Kalibrieren, umfassend:

- Erfassen elektrophysiologischer Signale (s(t)), die neuronale Aktivität des Gehirns des Probanden (B)
verkörpern, und Darstellen der über mindestens ein Beobachtungszeitfenster erfassten elektrophysiologi-
schen Signale in der Form eines Datentensors N-ter Stufe x(t), wobei N größer als oder gleich eins ist;
- Erfassen mindestens eines beobachteten Ausgabevektors y(t), der dem oder den Zeitfenster(n) zugeord-
net ist;
- Bestimmen eines Modells der linearen Regression zwischen dem oder den Datentensor oder -tensoren
und dem oder den entsprechenden beobachteten Ausgabevektor oder -vektoren und Vorhersagen von
mindestens einem Ausgabevektor y(t) aus dem linearen Regressionsmodell und mindestens einem be-
sagten Datentensor; und
- durch nichtlineare Regression erfolgendes Bestimmen einer Linkfunktion, die den oder die beobachteten
Ausgabevektor oder -vektoren an einen entsprechenden vorhergesagten Ausgabevektor oder entspre-
chende vorhergesagte Ausgabevektoren y(t) anpasst;

b) Erfassen elektrophysiologischer Signale (s(t)), die neuronale Aktivität des Gehirns des Probanden (B) ver-
körpern;
c) Darstellen elektrophysiologischer Signale, die über ein Beobachtungszeitfenster erfasst wurden, in der Form
eines zweiten Datentensors N-ter Stufe x(t), wobei N größer als oder gleich eins ist; und
d) Erzeugen von Befehlssignalen (S(t)) für die Maschine durch Anwenden einer Generalisierten Linearen Re-
gression auf den Datentensor, welche die in Schritt a) bestimmte Linkfunktion umfasst.

2. Verfahren nach Anspruch 1, worin der Schritt d) ferner umfasst: Ermitteln und Korrigieren von Ausreißerelementen
des Datentensors vor dem Anwenden der Generalisierten Linearen Regression.

3. Verfahren nach Anspruch 2, worin der Schritt d) durch Anwenden Generalisierter Additiver Linearer Regression auf
den Datentensor durchgeführt wird, wobei die Generalisierte Additive Lineare Regression von additiven Funktionen
fi(xi) folgender Form Gebrauch macht: 

worin xi ein Element des Datentensors x(t) ist und f1,i und f2,i unterschiedliche Funktionen sind.

4. Verfahren nach Anspruch 3, worin der Schritt d) durch Anwenden Generalisierter Additiver Linearer Regression auf
den Datentensor durchgeführt wird, wobei die Generalisierte Additive Lineare Regression von additiven Funktionen
fi(xi) folgender Form Gebrauch macht: 

worin xi ein Element des Datentensors ist und ci eine Konstante ist.

5. Verfahren nach einem der Ansprüche 3 oder 4, worin der Schritt d) einen vorläufigen Kalibrierungsschritt umfasst,
welcher umfasst: Definieren der additiven Funktionen fi durch Anwenden eines statistischen Tests auf einen Kali-
brierungsdatensatz.

6. Verfahren nach einem der Ansprüche 3 bis 4, worin in Schritt c) die elektrophysiologischen Signale in einer Form
dargestellt werden, die aus Folgendem gewählt wird:

- ein Datentensor 3. Stufe x(t); oder

^

^
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- ein Vektor x(t), der einem entfalteten Tensor 3. Stufe entspricht;

wobei die drei Stufen Zeit, Frequenz und Raum entsprechen.

7. Verfahren nach einem der Ansprüche 1 bis 6, worin der Schritt d) umfasst: Durchführen Generalisierter Linearer
Regression auf der Grundlage von PLS-Regression.

8. Verfahren nach einem der Ansprüche 1 bis 7, worin der Schritt a) umfasst: Erfassen elektrokortikografischer (ECoG)
oder elektroenzephalografischer (EEG) Signale durch Verwenden einer Vielzahl von räumlich getrennten Elektroden
(1 - 15).

9. Verfahren nach einem der Ansprüche 1 bis 8, worin der Schritt b) umfasst: Erzeugen kontinuierlicher Befehlssignale.

10. Direktes neurales Schnittstellensystem, umfassend:

- ein Signalerfassungsteilsystem (1 - 15, PPM) zum Erfassen elektrophysiologischer Signale (s(t)), die neuronale
Aktivität des Gehirns eines Probanden (B) verkörpern; und
- eine Verarbeitungseinheit (PM) zum Darstellen elektrophysiologischer Signale, die über ein Beobachtungs-
zeitfenster erfasst wurden, in der Form eines Datentensors N-ter Stufe (x(t)), wobei N größer als oder gleich
eins ist, und Erzeugen von Befehlssignalen (S(t)) für eine Maschine (ED) durch Anwenden eines Regressions-
modells auf den Datentensor;

worin die Verarbeitungseinheit zum Ausführen des Verfahrens nach einem der vorhergehenden Ansprüche konfi-
guriert oder programmiert ist.

11. Direktes neurales Schnittstellensystem nach Anspruch 10, worin das Signalerfassungsteilsystem eine Vielzahl von
elektrokortikografischen (ECoG) oder elektroenzephalografischen (EEG) Elektroden (1 - 15) umfasst.

Revendications

1. Procédé d’interfaçage du cerveau d’un sujet avec une machine, comprenant les étapes ci-dessous consistant à :

a) mettre en oeuvre un étalonnage, comprenant les étapes ci-dessous consistant à :

- acquérir des signaux électrophysiologiques (s(t)) représentatifs de l’activité neuronale du cerveau du sujet
(B), et représenter lesdits signaux électrophysiologiques, acquis sur au moins une fenêtre de temps d’ob-
servation, sous la forme d’un tenseur de données à N voies x(t), N étant supérieur ou égal à un ;
- acquérir au moins un vecteur de sortie observé y(t) associé à ladite fenêtre de temps ou auxdites fenêtres
de temps ;
- déterminer un modèle de régression linéaire entre ledit ou lesdits tenseurs de données et le ou les vecteurs
de sortie observés correspondants, et prédire au moins un vecteur de sortie y(t) à partir dudit modèle de
régression linéaire, et au moins un dit tenseur de données ; et
- déterminer, par le biais d’une régression non linéaire, une fonction de liaison correspondant audit vecteur
de sortie observé, ou auxdits vecteurs de sortie observés, y(t), avec un ou des vecteurs de sortie prédits
correspondants y(t) ;

b) acquérir des signaux électrophysiologiques (s(t)) représentatifs de l’activité neuronale du cerveau du sujet (B) ;
c) représenter des signaux électrophysiologiques acquis sur une fenêtre de temps d’observation, sous la forme
d’un second tenseur de données à N voies x(t), N étant supérieur ou égal à un ; et
d) générer des signaux d’instruction (S(t)) pour ladite machine, en appliquant une régression linéaire généralisée
sur ledit tenseur de données, comprenant la fonction de liaison déterminée à l’étape a).

2. Procédé selon la revendication 1, dans lequel ladite étape d) comprend en outre l’étape consistant à détecter et à
corriger des éléments aberrants dudit tenseur de données avant d’appliquer ladite régression linéaire généralisée.

3. Procédé selon la revendication 2, dans lequel ladite étape d) est mise en oeuvre en appliquant une régression
linéaire additive généralisée sur ledit tenseur de données, ladite régression linéaire additive généralisée faisant

^

^
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appel à des fonctions additives fi(xi) de la forme : 

où xi est un élément dudit tenseur de données x(t), et f1,i et f2,i sont des fonctions distinctes.

4. Procédé selon la revendication 3, dans lequel ladite étape d) est mise en oeuvre en appliquant une régression
linéaire additive généralisée sur ledit tenseur de données, ladite régression linéaire additive généralisée faisant
appel à des fonctions additives fi(xi) de la forme : 

où xi est un élément dudit tenseur de données et Ci est une constante.

5. Procédé selon l’une quelconque des revendications 3 ou 4, dans lequel ladite étape d) comprend une étape d’éta-
lonnage préliminaire comprenant l’étape consistant à définir lesdites fonctions additives fi en appliquant un test
statistique à un ensemble de données d’étalonnage.

6. Procédé selon l’une quelconque des revendications 3 à 4, dans lequel, à ladite étape c), les signaux électrophysio-
logiques sont représentés sous une forme choisie parmi :

- un tenseur de données à 3 voies x(t) ; ou
- un vecteur x(t) correspondant à un tenseur de données à 3 voies déplié ;

lesdites trois voies correspondant au temps, à la fréquence et à l’espace.

7. Procédé selon l’une quelconque des revendications 1 à 6, dans lequel ladite étape d) comprend la mise en oeuvre
d’une régression linéaire généralisée sur la base d’une régression PLS.

8. Procédé selon l’une quelconque des revendications 1 à 7, dans lequel ladite étape a) comprend l’étape consistant
à acquérir des signaux électrocorticographiques (ECoG) ou des signaux électroencéphalographiques (EEG) en
utilisant une pluralité d’électrodes séparées spatialement (1 - 15).

9. Procédé selon l’une quelconque des revendications 1 à 8, dans lequel ladite étape b) comprend l’étape consistant
à générer des signaux d’instruction continus.

10. Système d’interface neuronale directe comprenant :

- un sous-système d’acquisition de signaux (1 - 15, PPM) destiné à acquérir des signaux électrophysiologiques
s(t) représentatifs de l’activité neuronale du cerveau d’un sujet (B) ; et
- une unité de traitement (PM) destinée à représenter des signaux électrophysiologiques, acquis sur une fenêtre
de temps d’observation, sous la forme d’un tenseur de données à N voies (x(t)), N étant supérieur ou égal à
un, et à générer des signaux d’instruction (S(t)) pour une machine (ED), en appliquant un modèle de régression
sur ledit tenseur de données ;

dans lequel ladite unité de traitement est configurée ou programmée de manière à mettre en oeuvre le procédé
selon l’une quelconque des revendications précédentes.

11. Système d’interface neuronale directe selon la revendication 10, dans lequel ledit sous-système d’acquisition de
signaux comprend une pluralité d’électrodes électrocorticographiques (ECoG) ou électroencéphalographiques
(EEG) (1 - 15).
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