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A Method And System For Motor Rehabilitation

FIELD OF INVENTION

The present invention .relates broadly to a method of calibrating a motor
imagery detection module and to a system for motor rehabilitation.

BACKGROUND

Brain computer interfaces (BCIs) function as a direct communication pathway
between a human brain and an external device. Furthermore, BCl systems can also
provide an important test-bed for the development of mathematical methods and multi-

channel signal processing to derive command signals from brain activities. As it directly

- uses the electrical signatures of the brain's activity for responding to external stimuli, it is

particularly useful for paralyzed people who suffer from severe neuromuscutar disorders
and are hence unable to communicate through the normal neuromuscular pathway. The
electroencephalogram (EEG) is one of the widely used techniques out of many existing
brain signal measuring techniques due to its advantages such as its non-invasive nature
and its low cost.

With regard to rehabilitation, currently, stroke rehabilitation commonly invoives
physical therapy by human therapists. Robotic rehabilitation may augment human
therapists and enable novel rehabilitation exercises which may not be available from

~ human therapists. Clinical trials involving brain-computer interface (BCl) based robotic

rehabilitation are currently ongoing and some advantages over standard robotic
rehabilitation include robotic assistance to the patient only if motor intent is detected and
detection of motor intent being calibrated to patient-specific ‘motor  imagery
electroencephalogram (EEG). ‘ B
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However, in addition to being at clinical trial level only, it is believed that current

" techniques are typically limited to rehabilitation of the limbs, i.e. arms and legs of a

person.

Furthermore, to use EEG data for rehabilitation purposes, the EEG data is
typically modeled into motor control data and idle state data. Typically, the idie state
data are not separately modeled but rather, are modeled similarly to control data
using a uni-modal approach. The approach is taken because modeling idle state
data can be complex and difficult. One problem with the uni-modal approach is that
false positive detections signalling control data may be received by a BCl system when a

subject is instead in an idle state, e.g. not performing any mental control.

Therefore, there exists a need for a method of calibrating a motor imagery
detection module and a system for motor rehabilitation that seek to address at ieast one

of the above problems.

SUMMARY

In accordance with a first aspect of the present invention, there is provided a
method of calibrating a motor imagery detection module, the method comprising
acquiring Electroencephalography (EEG) data from a subject; selecting classification
features from the EEG data; wherein the feature selection comprises .modetting an idle
state o, of the subject by & sub-classes y,, j=1,..M.

Selecting the classification features may comprise computing a projection matrix
for spatial filtering using multi-time segments for each of a plurality of frequency bands of
the EEG data.

Selecting the classification features may further comprise computing candidate

~ features of each frequency band.
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Selecting the classification features may comprise computing mutual information

of each candidate feature for each frequency band.

Selecting the classification features may comprise selecting, for each frequency
band, the candidate features with maximum mutual information with motor imagery

actions and rest respectively.

The method may further comprise training a non-linear regression mode! using
the selected features.

The method may further comprise training a non-linear post-processing

regression model using an output from the training of the non-linear regression model.

In accordance with a second aspect of the present invention, there is
provided a method of motor rehabilitation, the method comprising extracting features
from Electroencephalography (EEG) data of a subject, wherein the feature ext'rat:tion
comprises using a multi-modal model for an idle state », of the subject including & sub-

'classes 2, j=1..,M; using a rehabilitation module to monitor an output of the multi-

modal model for motor control signals; and if motor control signals are detected,
applying functional electrical stimulation (FES) to the subject.

in accordance with a third aspect of the present invention, there is provided a
system for motor imagery detection, the system comprising a processor capable of
acquiring Electroencephalography (EEG) data from a subject; wherein the processor is
further capable of selecting classification features from the EEG data; and further

wherein the feature extraction comprises modeliing an idle state o, of the subject by M

sub-classes y,, j=1..M.

Selecting the classification features may comprise computing a projection matrix
for spatial filtering using multi-time segments for each of a plurality of frequency bands of
the EEG data.
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Selecting the classification features may comprise computing mutual information

of each candidate feature for each frequency band.

Selecting the classification features may comprise computing mutual information
of each candidate feature for each frequency band.

Selecting the classification features may comprise selecting, for each frequency
band, the candidate features with maximum mutual information with motor imagery
actions and rest respectively.

The processor may be further capable of training a non-linear regression model
using the selected features. '

The processor may be further capable of training a non-linear post-processing
regression model using an output from the training of the non-linear regression model.

in accordance with a fourth aspect of the present invention, there is provided
a system for motor rehabilitation, the system comprising an input for acquiring
Electroencephalography (EEG) data of a subject; a processor capable of extracting
features from the EEG data using a multi-modal model for an idle state », of the subject

including M sub-classes y,, j=1,.,M; a rehabilitation module to monitor an output

provided by the processor for motor control signals, the rehabilitation module capable
of applying functional electrical stimulation (FES) to the subject.

in accordance with a fifth aspect of the present invention, there is provided a
computer readable data storage medium having stored thereon computer code means
for instructing a computer processor to execute a method of calibrating a motor
imagery detection module of the first aspect.

In accordance with a sixth aspect of the present invention, there is provided a
computer readable data storage medium having stored thereon computer code means

- for instructing a computer processor to execute a method of motor rehabilitation of the

second aspect.
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In accordance with a seventh aspect of the present invention, there is
provided a method for brain-computer interface (BCI) based interaction, the method
comprising the steps of acquiring a subject's EEG data; processing the EEG data to
determine a motor imagery of the subject; detecting a swaliow movement of the subject
using a detection device; and providing feedback to the subject based on the motor
imagery, the movement, or both; wherein providing the feedback comprises activating a

stimulation element for providing a stimulus to throat muscles of the subject.
The method may comprise processing the EEG data to determine whether a
specific swallow motor imagery is performed by the person; and activating the

stimulation element if the specific swallow motor imagery is performed.

The feedback may further comprise a separate visual feedback to the person if
the specific swallow motor imagery is performed.

The method may comprise determining whether a swallow movement is

performed by the person; and activating the stimulation element if the swallow

movement is performed.

The feedback may further comprise a separate visual feedback to the person if
the swallow movement is performed.

The determining whether the swallow movement is performed by the subject may

occur over a period of time.

The processing of the EEG data may comprise using a trained classification
algorithm.

Training the classification algorithm may comprise dividing the EEG data into a
plurality of segments, for each segment, dividing a corresponding EEG signal portion
into a plurality of frequency bands, for each frequency band, computing a spatial filtering
projection matrix based on a CSP algorithm and a corresponding feature, and computing
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mutual information of each corresponding feature with respect to one or more motor
imagery classes; for each segment, summing the mutual information of all the
corres'ponding with respect to the respective classes, and selecting the corresponding
features of the segment with a maximum sum of mutual information for one class for
training.

The method may further comprise training classifiers of the classification
algorithm using the selected corresponding features.

Training the classifiers may comprise non-linear regression using the selected
corresponding features and non-iinear post-processing regression using an output from
the non linear regression.

Computing the spatial filtering projection matrix based on the CSP algorithm may
comprise using a multi-modal muiti-time segment for each frequency band.

The multi-modal multi-time segment for each frequency band may comprise a
multi-modal representation of idie states.

in accordance with a eighth aspect of the present invention, there is provided
a brain-computer interface systenﬁ comprising means for acquiring‘a subject's EEG data;
means for processing the EEG data to determine a motor imagery of the subject; means
for detecting a swallow movement of the subject using a detection device; and means for
providing feedback to the subject based on the rhotor imagery, the movement, or both;
wherein the means for providing the feedback comprises a stimulation element for
providing a stimulus to the subject.

The stimulus may comprise functional electrical stimulation.

The system may further comprise a screen for providing visual feedback to the
person based on the motor imagery, the movement, or both.
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in accordance with a ninth aspect of the present invention, there is provided
a computer readable data storage medium having stored thereon computer code means
for instructing a computer processor to execute a method of brain-computer interface

(BCI) based interaction of the seventh aspect.
BRIEF DESCRIPTION OF THE DRAWINGS

Embodiments of the invention will be better understood and readily apparent
to one of ordinary skill in the art from the following written description, by way of
example only, and in conjunction with the drawings, in which:

Figure 1 is a schematic diagram llustrating a non-invasive
Electroencephalography (EEG)-based brain-computer interface (BCl) system for

stroke/swallow rehabilitation in an exampie embodiment.

Figure 2 is a schematic flowchart broadly illustrating calibration/construction of a

tongue motor imagery detection module in an example embodiment.

Figure 3 is a schematic diagram showing a process of calibrating and using of a
tongue motor imagery detection moduie in an example embodiment.

Figure 4 is a schematic flowchart illustrating a calibration process of a motor

imagery detection module in an example embodiment.
Figure 5 is a schematic diagram illustrating use of both EEG data and
Electromyography (EMG) data to provide functional electrical stimulation (FES) to a

subject in an example embodiment.

Figure 6 is a schematic diagram illustrating a trigger for activating swallow
rehabilitation for mild dysphagia in an example embodiment.

Figure 7 is a schematic diagram showing decomposition of EEG data into multi
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time segments and frequency banks in an example embodiment.

Figure 8 is a schematic diagram illustrating a difference between a uni-modal

approach and a multi-modal approach in modeling idle states.

Figure 9 is a schematic flowchart illustrating a method of calibrating a motor

imagery detection module in an example embodiment

Figure 10 is a schematic flowchart illustrating a method of motor rehabilitation
in an example embodiment.

Figure 11 is a schematic flowchart for illustrating a method for brain-computer

interface (BCI) based interaction in an example embodiment.

Figure 12 is a schematic illustration of a computer system for implementing a
method and system of calibrating a motor imagery detection moduie and/or of motor
rehabilitation in an example embodiment.

DETAILED DESCRIPTION

Some portions of the - description which follows aré explicitly or implicitly
presented in terms of algorithms and functional or symbolic répresentations of
operations on data within a computer memory. These algorithmic descriptions and
functional or symbolic representations are the means used by those skilled in the data
processing arts to convey most effectively the substance of their work to others skilled in
the art. An aigorithm is here, and generally, conceived to be a self-consistent sequence
of steps leading to a desired result. The steps are those requiring physical manipulations
of physical gquantities, such as electrical, magnetic or optical signals capabie of being
stored, transferred, combined, compared, and otherwise manipulafed.

Unless specifically stated otherwise, and as apparent from the following, it will be

appreciated that throughout the present specification, discussions utilizing terms such as
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“scanning”, ‘“calculating”, “determining”’, ‘“replacing”, ‘“generating”, ‘initializing”,
“outputting”, or the like, refer to the action and processes of a computer system, or
similar electronic device, that manipulates and transforms data represented as physical
guantities within the computer system into other data similarly represented as physical
quantities within the computer system or other information storage, transmission or
display devices.

The present specification also discloses apparatus for performing the operations
of the methods. Such apparatus may be specially constructed for the required purposes,
or may comprise a general purpose computer or other device selectively activated or
reconfigured by a computer prbgram stored in the computer. The algorithms and
displays presented herein are not inherently related to any particular computer or other
apparatus. Various general purpose machines may be used with programs in
accordance with the teachings herein. Alternatively, the construction of more specialized
apparatus to perform the required method steps may be appropriate. The structure of a

conventional general purpose computer will appear from the description below.

In addition, the present specification also impilicitly discloses a computer
program, in that it would be apparent to the person skilled in the art that the individual
steps of the method described herein may be put into effect by computer code. The
computer program is not intended to be limited to any particular programming language
and implementation thereof. It will be appreciated that a variety_ of programming
languages and coding thereof may be used to impiement the teachings of the disclosure
contained herein. Moreover, the computer program is not intended to be limited to any
particular control flow. There are many other variants of the computer program, which

can use different control flows without departing from the spirit or scope of the invention.

Furthermore, one or more of the steps of the computer program may be
performed in parallel rather than sequentiaily. Such a computer program i'nay be stored
on any computer readable medium. The computer readable medium may include
storage devices such as magnetic or optical disks, memory chips, or other storage
devices suitabie for interfacing with a general purpose computer. The computer readabie

medium may also include a hard-wired medium such as exemplified in the Internet
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system, or wireless medium such as exemplified in the GSM mobile telephone system.
The computer program when loaded and executed on such a general-purpose computer
effectively results in an apparatus that implements the steps of the preferred method.

The invention may also be implemented as hardware modules. More particular,
in the hardware sense, a module is a functional hardware unit designed for use with
other components or modules. For example, a moduie may be implemented using
discrete electronic components, or it can form a portion of an entire electronic circuit
such as an Application Specific Integrated Circuit (ASIC). Numerous other possibilities
exist. Those skilled in the art will appreciate that the system can also be implemented
as a combination of hardware and software modules.

Figure 1 is a schematic diagram llustrating a non-invasive

‘Electroencephalography (EEG)-based brain-computer interface (BCl) system 102 for

stroke/swallow rehabilitation in an example embodiment.

The BCI system 102 comprises a tongue motor imagery detection module 104
coupled toa signal ampilifier 106, a swallow detection module 108 coupied to the signal
amplifier 106 and a swallow rehabilitation module 110 coupled to both the tongue motor
imagery detection module 104 and the swallow detection module 108.

in the -example embodiment, a subject 112 provides EEG data to the tongue
motor imagery detection module 104 and, if available, EMG data to the swallow
detection module 108. The swallow rehabilitation module 110 can provide swallow
Functional Electrical Stimulation (FES) 114 and fluoroscopy feedback 116 to the subject
112.

If a swallow intent is detected at the swallow rehabilitation module 110, a
quoroséopy video 116 is presented as a feedback to the patient/subject 112. In addition,
swallow FES 114 is triggered to stimulate the swallowing muscle groups of the
patient/subject 112.

In the example embodiment, for patients or subjects with mild dysphagia, the
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swallow detection module 108 is also calibrated to detect subject-specific
Electromyography (EMG) data of swallowing actions for paﬁents with mild dysphagia.

Patients with mild dysphagia can perform weak swallowing, but not a proper
swallowing action as compared to healthy subjects. The ability to perform weak
swallowing allows calibration to be performed using EMG data coliected from a patient
with mild dysphagia.

Figure 2 is a schematic flowchart 202 broadly illustrating calibration/construction
of a tongue motor imagery detection module in an example embodiment. At step 204,
EEG data is acquired from a subject. At step 206, candidate feature extraction is
performed using the EEG data. At step 208, classification feature selection is performed

based on the extracted features. At step 210, classifier learning is carried out.

The example embodiment can directly address significant inter-subject variability
of motor imagery EEG by constructing a subject-specific motor imagery model. In the
exampie embodiment, the EEG data is collected from the patient/subject in performing a
number of motor imagery actions, for example, left hand, right hand, foot and tongue
motor imageries.

Figure 3 is a schematic flow diagram illustrating the process of calibrating and
using of a tongue motor imagery detection module in an exampie embodimeht. The
calibrating process is shown as training phase 302 and the use of the tongue motor
imagery detection moduie is shown as evaluation phase 304.

At step 306, multi-time segment EEG data is obtained from a subject. At step
308, a multi-modal approach is taken for modeling control and idle states of the EEG
data. At step 310, a filter bank Common Spatial Pattern (CSP) algorithm is used to
extract CSP candidate features from each filter bank and time segment. At step 312,
classification feature selection is performed. At step 314, nonlinear regression training is

performed using the selected features. At step 316, post processing is performed.

At step 318, a single trial EEG is obtained from the subject. At step 320, the filter
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bank CSP algorithm is used for feature extraction from the EEG data of step 318. At step
322, selected features are obtained from the features extracted in step 320 based on the
training at step 312. At step 324, nonlinéar regression processing is performed on the
selected features. At step 326, post processing is performed. At step 328, a motor intent
output is provided.

The steps in Figure 3 are described in more detail below.

The acquired EEG data (at step 306) is decomposed into multipie filter/frequency
banks and time segments whereby the so-called Common Spatial Pattern (CSP)

- algorithm is employed to extract CSP features from each filter bank and time segment.

An illustration of this process is provided later in Figure 7.

The EEG data from each time segment and each filter bank can be linearly
transformed using
y=Wx (1)

where x denotes ah nxt matrix of the EEG data; y denotes an. nxt matrix of uncorrelated

sources; W denotes a nxn time-invaﬁant transformation matrix; n is the number of
channels; t is the number of EEG samples per channel; and T denotes a transpose
operator. Further, W = [w;, w,, ...,w,] such that each w; represents a particular spatial
filter.

Let the motor imagery state from a specific frequency band be denoted by o,
and the idle state be denoted by w,. Multiple motor imagery states from multiple '

frequency bands are considered later. Let the probability of the two states (i.e. motor

- imagery state and idle state) be respectively denoted by P(w,) and P(w,) such that

P(w,)+P(w,)=1, and the class conditional probability density functions be respectively
denoted by p(x|o,) and p(xjw,) whereby x is a ‘random sample of the EEG

measurement. The so-called Bayes error for classifying x into the two classes is given
by
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£ = Jmin[P(@, p(x| @,).P@,)p(x | 0,) s

(2)
= L" P(x| @, )P(@,)dx + [ p(x|w,)P(@,)dx

where R, is the Bayes decision region in which p(x|e,)P(w,)> p(x|a,)P(»,), and R, is

the Bayes decision region in which p(x|®,)P(®,)> p(x|@,)P(®,) .

The inventors have recognized that the close-form expression for the Bayes error
cannot be obtained except in very special cases. Hence, in the example embodiment,
the upper bound of the Bayes error is obtained instead. The Bhattacharyya bound of
equation (2) is given by

52(0) = F@,)P(@,) J\[p(x 10, )p(x] @, ) 3)
The Bhattacharyya bound ¢,(y) is in the same form as equation (3) except that the
variables and the probability density functions are replaced by y and its probability

density functions. Therefore, the objective of linear spatial filtering can also be viewed as
optimizing the linear projection matrix W to yield the minimal Bhattacharyya bound

g,(y). Since the Bhattacharyya bound depends on the probability density functions, it

can be treated under a uni-model or a multi-modal approach discussed separately in the
following.

For the uni-model approach, let p(x|w»,) and p(x|w,) be i’nodeled by uni-modal
Gaussian functions with covariance matrices v, and q),, respectively. Further, it is
assumed that the EEG data is band-pass filtered, in which the mean of both classes is
assumed to be zero. The probability density functions can then be modeled as

p(X|w,) ~ Ny,

1

) |
) -exp(—;)&rl//,)‘Xj : 4)

and

0)~@r)

4

| |
1 : exp(—%XTw;’X} | ©)
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where », is the number of dimensions or channels of w, and o,.
The Bhattacharyya bound is thus given by

) Y+,
£y = P,)P(, )exp[%loo }, (6)

2 v, v, |

where |.| denotes the determinant of a square matrix.

The Bhattacharyya bound after spatial filtering using W can be written in a

similar form by replacing the covariance matrices with that from the transformed data v,
and v, using y,(y)=Wy W and y,(y)=Wy,W. The closed-form solution to

minimizing the Bhattacharyya bound with respect to W can thus be obtained as foliows.
Given a particular selection of m, the optimum W is the coliection of top m eigenvectors

of y,'y,, or

V/I)wi = ﬂ’l//n“’i’ (7)
where / is the ith eigenvalue and w, the corresponding eigenvector. The eigenvectors

obtained correspond to the common spatial pattern (CSP) algorithm that is typically used
by motor imagery-based BCI systems to minimize the Bhattacharyya bound.

* The inventors have recognized that the detection of the idle state in which the
user/subject i‘s at rest and not performing mental control may be crUcial, to minimize
false positive detections in an asynchronous BCI system. in the example embodiment, a
multi-modal approach (compare step 308) of modeling the idle states in an
asynchronous motor imagery-based BCI system is proposed, using the framework of the
Bhattacharyya bound. By adopting the multi-modal approach, a number of problems of
the uni-modal approach can be addressed.

Firstly, from a brain signal viewpoint, the idle state comprises muliiple
manifestations of all possible EEG patterns other than those that are associated with
control motor imagery states. Since the user can be performing any mental activity other
than those of the control motor imagery tasks during the idle state, the EEG
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measurements of the idle state is largely diversified in terms of spatio-spectral
characteristics. Therefore, a multi-modal approach is more appropriate to model the idle
state as compared to the uni-modal approach.

Secondly, from a linear transformation viewpoint, the optimum spatial filters that

assume the uni-modal approach may fail to pick up discriminative spatial patterns.

An illustration of the difference between the multi-modal approach and the uni-
modal approach is provided later in Figure 8.

For the multi-modal approach of the example embodiment (compare compare
step 308), let the idle state », be modeled by M sub-classes y,, j=1,..,M . Let the

prior probability of each sub-class be denoted by P(y,) such that ZA’: P(x,)=1. Further,

it is assumed that each sub-class is modeled by a Gaussian distribution function with

zero-mean and a covariance matrix 7. Hence, the distribution of the idle state o, can

then be expressed as a Gaussian mixture model given by

p(xfo, )~ Z B(x, W(0.7,)

|2 exp(——i—XTt/?,_IXj . (8

After spatial filtering using the linear transformation w , the motor imagery states P(w,)
and the idle state P(w,) are still Gaussian distributions. Hence, the distributions of the

motor imagery states P(»,) and the idle state P(w,) can be expressed as

pble, )~ No.v,,,) ©)

p(yla),,) - Z 'pv(lv/ )N(O, VN//‘(N) )’ ' (10)

=1

where

Wp(_v) = WTW,;“I’ (1 1)
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V= w’ 7 W, (12)
and the Bhattacharyya bound is given by
£,) = @, @) L PO o) Pty o). (13)
5
The inventors have recognised that it can be difficult to compute the
Bhattacharyya bound in equation (13). Hence, an approximate numerical solution is
propoéed. By ignoring the constant factor ./P(wp)P(a)ﬂ), the Bhattacharyya coefficient
that comprises the integral in equation (13) can be expressed as
= Iz}
10 P f\/p(ylw,,)p(ylw,,) y (14)
= [y,
where u (y)=./p(ylo,) and u(y)=yp(yloe,).
By expanding g (y) in a form that is similar to equation (5),
e -1 T 4+ 4
,UI(Y)z\/(Zﬂ) : I‘//p(_v)l : eXP("Eyyvl;(mYJ
(15)

e -1 J -1 = L
= {(2”) ’ Izwp(,v) ' ) CXP(_;)J [2‘1”::(,\4) y]}'{(2”)4 2 ll//n(.v) 1‘

15  The expression in the first curly bracke.t of equation (15) can be viewed as a probability
- density function »

P(y) = N(0,2 ), (16)

and the expression in the second curly bracket of equation (15) can be written with 4, (y)

as

. . ) YR
20 0(y)=Q7) 2% [y, [ - \/ZP(z,,)N(O,t/'/,»(V‘,))' (17)

Therefore, the Bhattacharyya coefficient can be expressed as

u=[PyIoWa. | (18)

25 Since P(y) is a probability distribution function, the Bhattacharyya coefficient can
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be expressed as the expectation of 0 given by
#=E[OW)], (19)
where
pbfe, )~ 02wy ) ()

The variable y in equation (20) is obtained by transforming the variable x in the original

space using W whereby

plelo, )~ N0.2,) 21)

It is assumed that p(xilwp)~ N(O,(//pli =L..n, where n, denotes the number of trials of

EEG of the motor imagery state o, from equation (5).

Hence, to have & that follows the distribution in equation (21),

plV25 o, )~ N2, i = oum,, | (22)
and therefore
RS r
#=lm—2, AW 2%) (23)

n,—en Ty =)
The inventors have recognized that equation (23) is a complex function over w while
the global optimum is also difficult to achieve. Hence, in the example embodiment, the
inventors propose a simplified problem of searching for the optimum W among a given

set 6f candidates.

Firstly, let the candidate set be k_, which comprises »_, vectors. Further

consider a subset k that contains n_, selected vectors. A transformation matrix formed

sel

by the subset Kk is thenw . The problem is then formulated to search for the optimum
set X, that satisfies

. I & . )
Ko =argmin — >, O(W;v2) (24)
T

p i=l

" In the example embodiment, a small X is considered so that it is

cand
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computationally feasible to enumerate all possible combinations of selecting »

sel

from

- The following algorithm is proposed to obtain kx,, and K . At a first step,

letK_,=@. At a second step, for each idle state subclassm, compute projection

cand

matrices W, that maximizes the Bhattacharyya distance between the idle state subclass

m and the motor imagery class, by solving the eigen problem given in equation (7).

Thereafter, select from W, the linear projection vectors which produce the least

Bhattacharyya coefficient
1
A +—
S (25)

i

where /, is the eigen value. The set of selected vectors from w,_ for the idle state m is

then denoted as Kk, . Next, let K_, UK”, - K__,. At a third step, enumerate all »_-sized

cand * sel

subsets of x_,, and compute the estimate of Bhattacharyya coefficient using equation

cand ?

(23) for each subset. At a fourth step, select the subset K, which satisfies equation

(24).

At step 310, the optimal transformation w obtained from the multi-modal
approach is then integrated into a modified version of the so-called Filter Bank Common
Spatial Pattern algorithm (FBCSP) (Ang et. al., 2008, IJCNN'08, 2391-2398) that deals
with multiple classes which involve multipie motor imagery classes and a single idle
state class, as well as multiple frequency bands for motor imagery detection. The
FBCSP has been modified for use in the example embodiment such that it can be used
with a plurality of idle state subclasses for a multi-modal approach for modeling the idie
states.

in the example embodiment, the variances of a small number m of the spatial
filtered signal Z(f) obtained by the CSP algorithm are used as features. The signal Z(1),
pe{1..2m} that maximizes the difference in the variance of the two classes of EEG data
are associated with the largest eigenvalues A and (I-A). These signals, for each time
segment and each filter bank, are used to form a feature vector X, for each time

segment and each filter bank.
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X,= log(var(Zp (t))/IZZ:: var(Z,, (t))) | (26)

At step 312, feature selection is performed using Mutual Information. Assuming a

total of d features from each time segment F={f,f....7,}, the Mutual Information
I(f:e)Vi=1.d,f, e F of each feature from all the time segments and all the filter banks is

computed. with respect to the class 2. Thereafter, a set of k=4 features is selected from

each time segment that maximizes 7(f,:) using

F=F\{f£}.S={f}11(f:2)= max I_(ff;o). (27)

j:l..dt_/_‘iel-'
The mutual information of all the features from each time segment are then summed
together. The time segment with the maximum sum of mutual information is then

selected.

The CSP projection matrix W from the selected time segment and the selected
frequency band features are retained. At step 314, non-iinear regression training is
carried out using the selected features. The extracted features from all the trials

belonging to the selected time segment are retained as training features for the non-

linear regression while the features from the non selected time segments are dropped.
The selected features are then linearly normalized to the range [-1 1] using the upper
and lower bounds of the training set features. To map the fe‘atures to the desired
outputs, a generalized regression neural network (GRNN) is used. The desired outputs
refer to instructions given to the subject in the training phase 302, such as performing
motor imagery or idling/rest. The neural network comprises two layers of neurons. The
first layer comprises radial basis function neurons, while the second layer comprises

linear neurons with normalized inputs.

At step 316, post processing training is carried out. Another GRNN is ‘used to
perform the post-processing. The input of the neural network is a window of predicted
labels obtained from the non-linear regression of step 314, while the output is the
desired output. ‘
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Figure 4 is a schematic flowchart 400 summarising a calibration process of a
motor imagery detection module in an example embodiment. At step 402, a projection
matrix is computed for spatial filtering using multi-modal multi-time segments for each of
a plurality of frequency bands of EEG data. At step 404, candidate features of each

- frequency band are computed. At step 406, mutual information of each feature of each

frequency band are computed. At step 408, candidate features with maximum mutual
information with motor imagery action and rest states respectively are selected for each
frequency band where applicable. It is appreciated that not all frequency bands can yield
candidate features. At step 410, non-linear regression training is carried out using the
selected features. At step 412, non-linear post-processing regression training is carried
out using output from step 410.

In the example embodiment, after calibration of the tongue motor imagery

detection module, rehabilitation can be performed for severe and mild dysphagias.

For example, for severe and mild dysphagias, the swallow rehabilitation module
110 (Figure 1) employs the calibrated subject-specific tongue motor imagery detection

‘module 104 (Figure 1) and one or more muscle activation detection modules, such as

the swallow detection module 108 (Figure 1), to perform real time muscle activation
detection of the level of swallow intent of the patient/subject 112 (Figure 1). In an
alternative example embodiment, the swallow detection module 108 (Figure 1) can be
used to perform both motor imagery detection (using EEG data) and muscle activation
detection (using EMG data).

Turning back to Figure 3, after the training phase 302, the evaluation phase 304
is started. Based on the features selected at step 312 during the calibration phase 302,
spatial filtering is then performed at step 320 using the projection matrix W on the
acquired EEG data from step 318. At step 322, using the feature selection performed in
step 312 which selects relevant features among all the features using the training data in
phase 302, these selected features are "included" in step 322 from. the features
extracted in step 320 for further processing, and non-selected features are "excluded".
The trained non-iinear regression and post processing using GRNN from steps 314 and
316 respectively are then used (at steps 324, 326 respectively) to compute the
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asynchronous motor intent output at step 328.

Referring to Figure 1, the calibration of the swallow detection module 108 is
substantially identical to the calibration of the tongue motor imagery detection module
104 except that instead of performing the calibration based on the EEG data collected
from the patient in performing motor imageries of tongue (as is done for the tongue
motor imagery detection module 104), the calibration of the swaliow detection module
108 is performed based on EMG data collected from the patient in performing tongue
movement and swallowing of e.g. drinking water.

Furthermore, the calibration process of the tongue motor imagery detection
module 104 comprises spatial filtering and temporal filtering of EEG data obtained from
the subject. The calibration process for the swaliow detection module 108 is similar to
the process shown in Figure 3 for calibrating the tongue motor imagery detection moduie
104. However, the calibration process of the swallow detection module 108 differs from
Figure 3 in the following ways. It is recognized that the signal to noise ratio of EMG data
is generally larger than EEG data, and the EMG data comprises relatively less number
of channels compared to the EEG data. This implies that the spatial information in the
EMG data may not differ significantly from subject to subject. Hence, the EMG data of
healthy subjects, not the patient, is used to calibrate the spatial filtering (compare step
310). Further, it is recognized that the temporal information in the EMG data may differ
significantly from subject-to-subject. Hence, the EMG data of the patient is then used to
calibrate the temporal filtering of the EMG data (compare step 312). That is, the

~ inventors have recognized that the calibration of the swallow detection module 108 is

performed jointly using the EMG data of healthy subjects and of the patient because the
patient can only perform weak swallowing whereas healthy subjects can perform proper
swallowing. Since EMG data can contain subject-specific frequency components, the

~ temporal filtering is calibrated using the patient's EMG data.

Referring to the Functional Electrical Stimulation (FES), swallowing can be
artificially induced by applying FES to the pharyngeal muscles of the subject. For healthy

‘persons, swallowing can be done immediately at will. However, stroke victims with

dysphagia may have issues with swallow initiations. In the system 102, swallow
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rehabilitation can be triggered by the swallow rehabilitation module 110. FES for
swallowing is controlled by a hybrid bio-signal control system, that is, the patient's
swallow intention is captured from EEG data if the patient is not able to perform any
voluntary swallowing for severe dysphagia, or from both the EEG data and EMG data if
the patient is weak in performing swallowing for mild dysphagia. In the example
embodiment, using both EEG and EMG is more effective because the inventors have
recognized that detection of voluntary swallow intentions from EEG data is typically
slower than from EMG data. Therefore, if the patient is weak in swallowing, the detection
from the swallow intent from EMG data can be faster than from EEG data.

Figure 5 is a schematic diagram illustrafing. use of both EEG data and EMG data
to provide FES to a subject in an example embodiment. In the figure, the s_ubject 502
provides EEG data for tongue motor imagery detection 504. The subject can also
provide EMG data for muscie activation detection 506. Based on the tongue motor
imagery detection 504 and muscle activation detection 506, a swallow FES module 508
can detect a swallowing intention and provide electrical stimulation 510 to muscles
located at the subject’'s 502 throat 512.

Table 1 tabulates the logic decisions in activating swallow rehabilitation for
severe dysphagia. When the EEG data indicate that the patient/subject has a swallowing
intention, e.g. the tongue motor imagery score is equal or more than a set threshold
value determined by a rehabilitation therapist, swallow rehabilitation is activated (e.g.
FES is provided).

EMG EEG Swallow
Rehab
Don’t care Tongue motor imagery | idie
score <
Therapist set threshold
Don'’t care Tongue motor imagery | Activate
score >
Therapist set threshold

Tabie 1
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Table 2 tabulates the logic decisions in activating swallow rehabilitation for mild
dysphagia. The swallow rehabilitation is oniy be activated when both the scores of the
tongue motor imagery and swallowing EMG are above respective set threshold values
determined by the rehabilitation therapist.

EMG EEG Swallow
Rehab

Swallowing score < | Tongue motor imagery | ldle
Therapist set | score <
threshold Therapist set threshold
Swallowing score < | Tongue motor imagery | Idle
Therapist set | score >

| threshold Therapist set threshold
Swallowing score > | Tongue motor imagery | idie
therapist set | score <
threshold - Therapist set threshold
Swallowing score > | Tongue motor imagery | Activate
therapist set | score >
threshold Therapist set threshold

Table 2

The thresholds in Tables 1 and 2 allow a therapist to progressively increase the
difficulty of the rehabilitation therapy in order to cater for patients with different speeds of
progress in their therapy.

Figure 6 is a schematic diagram illustrating a trigger for activating swallow
rehabilitation for mild dysphagia in an example embodiment. 602 indicates the threshold
value set by a therapist for a motor imagery score and 604 indicates the threshold value
set by a therapist for a swallow score. When both the motor imagery score 606 and the
swallow score 608 of a patient are above their respective threshoid values 602, 604,
swallbw rehabilitation is activated at time 610.
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In the example embodiment, once swallow rehabilitation is activated, FES is
applied to the subject/patient to stimulate the muscle groups responsible for the
swallowing action for physiological feedback. A screen showing the fluoroscopy

(compare 116 of Figure 1) is also displayed for psychological feedback to the patient.

Figure 7 is a schematic diagram showing decomposition of EEG data into multi
time segments and frequency banks in an example embodiment. Acquired EEG data is
decomposed into multiple filter/frequency banks e.g. 702 and time segments e.g. 704
whereby the so-called Common Spatial Pattern (CSP) algorithm is employed to extract
CSP features (compare 706) from each filter bank and time segment.

Figure 8 is a schematic diagram illustrating a difference between a uni-modal

~approach and a multi-modal approach in modeling idle states. The motor control-state

class of samples/data (represented by the shaded dots) are in the Gaussian distribution
802. Using the uni-modal approach, a Gaussian distribution 804 is formed for the idle-
state class of samples (represented by the unshaded dots). It can be seen that a
plurality of the idle-state samples lie outside the distribution 804 which is undesirable in

‘modeling. That is, the idle state distribution 804 modeled by using the uni-modal

approach does not show a distinct spatial component that separates it from the control
state distribution 802. In contrast, using the multi-modal approach of the example
embodiment; two idle-state subclasses distributions 806, 808 are modelied to more
accurately represent the idle-state samples. Each of the two idle state subclasses
distributions 806, 808 has a distinct principal axis from the control state distribution 802.
Thus, it can be seen that using the uni-modal approach results in an idle state
distribution 804 that is too similar to the control state distribution 802 while using the
multi-modal approach, two idie state subclasses distributions 806, 808 exhibiting
distinguishing spatial directions that are different from the control state distribution 802
can be obtained to more accurately model the idie-state sampiles.

Table 3 shows experimental results performed to detect swallowing of fiuid from
tongue movement for mild dysphagia. The experiment is performed to classify EMG data
of two healthy subjects (Subject 1 and Subject 2). Using a total of 4 EMG channeis (2
left, 2 right) and 1 ground connection, 20 trials of each task are coliected. The



10

15

20

25

30

WO 2011/123072 . PCT/SG2011/000137

25
accuracies of classifying swallowing of fluid and tongue movement from EMG data are
computed using 10x10-fold cross-validations on 2 different segment lengths/time (i.e. 1

and 2s) For example, for a 2 second segment for Subject 2, the accuracy is 100%.

Length | Subject 1 Subject 2

2s 96.75 100.00

1s 91.50 99.50
Tabie 3

" Figure 9 is a schematic flowchart 900 illustrating a method of calibrating a
motor imagery detection module in an example embodlment At step 902,
Electroencepha|ography (EEG) data is acquired from a subject. At step 904, features are
extracted from the EEG data. At step 906, the feature extraction comprises modelling an

“idle state o, of the subject by M sub-classes y,, j=1,..M

Figure 10 is a schematic flowchart 1000 illustrating a method of motor
rehabilitation in an example embodiment. At step 1002, features from
Electroencephalography (EEG) data of a subject are extracted. At step 1004, the feature

extraction comprises using a multi-modal mode! for an idle statew, of the subject

including M sub-classes y,, j=1,..,M . At step 1006, a rehabilitation module is used to

monitor an output of the multi-modal model for motor control signals. At step 1008, if

motor control signals are detected, functional electrical stimulation (FES) is applied
to the subject.

Figure 11 is a schematic flowchart 1100 for illustrating a method for brain-
computer interface (BCl) based interaction in an exampie embodiment. At step 1102, a
subject's EEG data is acquired. At step 1104, the EEG data is processed to determine a
motor imagery of the subject. At step 1106, a swallow movement of the subject is
detected using a detection device. At step 1108, feedback is provided to the subject
based on the motor imagery, the movement, or both, wherein providing the feédback
comprises activating a stimulation element for providing a stimulus to throat muscles of

the subject.
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The method and system of the described example embodiments can be
implemented on a computer system 1200, schematically shown in Figure 12. it may
be implemented as software, such as a computer program being executed within the
computer system 1200, and instructing the computer system 1200 to conduct the
method of the example embodiments.

The computer system 1200 comprises a computer module 1202, input
modules such as a keyboard 1204 and mouse 1206 and a plurality of output devices
such as a display 1208, and printer 1210.

The computer module 1202 is connected to a computer network 1212 via a
suitable transceiver device 1214, to enable access to e.g. the Internet or other
network systems such as Local Area Network (LAN) or Wide Area Network (WAN).

The computer module 1202 in the example includes a processor 1218, a
Random Access Memory (RAM) 1220 and a Read Only Memory (ROM) 1222. The
computer module 1202 also includes a number of Input/Output (I/O) interfaces, for

example I/O interface 1224 to the display 1208, and I/O interface 1226 to the

keyboard 1204.

The components of the computer module 1202 typically communicate via an
interconnected bus 1228 and in a manner known to the person skilled in the relevant
art.

The application program is typically supplied to the user of the computer
system 1200 encoded on a data storage medium such as a CD-ROM or flash

“memory carrier and read utilising a corresponding data storage medium drive of a

data storage device 1230. The application program is read and controlied in its
execution by the processor 1218. intermediate storage of program data maybe
accomplished using RAM 1220.

It will be appreciated by a person skilled in the art that numerous variations
and/or modifications may be made to the present invention as shown in the specific
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embodiments without departing from the spirit or scope of the invention as broadly
described. The present embodiments are, therefore, to be considered in all respects to
be illustrative and not restrictive.
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CLAIMS

1. A method of calibrating a motor imagery detection module, the
method comprising, |

acquiring Electroencephalography (EEG) data from a subject; |

selecting classification features from the EEG data;

wherein the feature selection comprises modelling an idle state o, of the subject

by M sub-classes y,, j=1,..M.

2. The method as claimed in claim 1, wherein selecting the classification
features comprises computing a projection matrix for spatial filtering using multi-time
segments for each of a plurality of frequency bands of the EEG data.

3. The method as claimed in claim 2, wherein selecting the classification
features further comprises computing candidate features of each frequency band.

4. The method as claimed in claim 3, wherein selecting the classification

features comprises computing mutual information of each candidate feature for each

frequency band.

5. The method as claimed in claim 4, wherein selecting the classification
features comprises selecting, for each frequency band, the candidate features with
maximum mutual information with motor imagery actions and rest respectively.

6. The method as claimed in claim 5, further comprising training a non-linear
regression model using the selected features.

7. The method as claimed in claim 6, further comprising training a non-linear
post-processing regression model using an output from the training of the non-linear

regression model.

8. A method of motor rehabilitation, the method comprising,
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extracting features from Electroencephalography (EEG) data of a subject,
wherein the feature extraction comprises using a multi-modal model for an idle state o,

of the subject inciuding M sub-classes y,, j=1,..M ;

using a rehabilitation module to monitor an output of the multi-modal model for
motor control signals;

and if motor control signals are detected,

applying functional electrical stimulation (FES) to the subject.

9. A system for motor imagery detection, the system comprising,

a processor capable of acquiring Electroencephalography (EEG) data from a
subject;

wherein the processor is further capable of selecting classification features from
the EEG data; and 7

further wherein the feature extraction comprises modelling an idle state , of the

subject by M sub-classes y,, j=1,..M.

10. The system as claimed in claim 9, wherein selecting the classification
features comprises computing a projection matrix for spatial filtering using muiti-time

segments for each of a plurality of frequency bands of the EEG data.

1. The system as claimed in claim 10, wherein selecting the classification
features comprises computing mutual information of each candidate feature for each
frequency band.

12. The system as claimed in claim 11, wherein selecting the classification
features comprises computing mutual information of each candidate feature for each

‘frequency band.

13. The system as claimed in claim 12, wherein selecting the classification
features comprises selecting, for each frequency band, the candidate features with

maximum mutual information with motor imagery actions and rest respectively.
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14. The system as claimed in claim 13, wherein the processor is further

capabile of training a non-linear regression model using the selected features.

15. The system as claimed in claim 14, wherein the processor is further
capable of training a non-linear post-processing regression model using an output from
the training of the non-linear regression model.

16. A system for motor rehabilitation, the system comprising,
an input for acquiring Electroencephalography (EEG) data of a subject;
a processor capable of extracting features from the EEG data using a multi-

modal model for an idle state », of the subject including A sub-classes y,, j=1,.,M ;

a rehabilitation module to monitor an output provided by the processor for motor
control signals, the rehabilitation module capable of applying functional electrical
stimulation (FES) to the subject.

17. A computer readable data storage medium having stored thereon

computer code means for instructing a computer processor to execute a method of

calibrating a motor imagery detection moduie as claimed in claim 1

18. A computer readable data storage medium having stored thereon
computer code means for instructing a computer processor to execute a method of
motor rehabilitation as claimed in claim 8.

19. A method for brain-computer interface (BCl) based interaction, the
method comprising the steps of:

acquiring a subject’'s EEG data;

processing the EEG data to determine a motor imagery of the subject;

detecting a swallow movement of the subject using a detection device; and

providing feedback to the subject based on the motor imagery, the movement, or
both;

wherein providing the feedback comprises activating a stimulation element for
providing a stimulus to throat muscles of the subject.
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20. The method as claimed in claim 19, comprising:
processing the EEG data to determine whether a specific swallow motor imagery
is performed by the person; and A
activating the stimulation element if the specific swallow motor imagery is

performed.

21. The method as claimed in claim 20, wherein the feedback further
comprises a separate visual feedback to the person if the specific swallow motor

imagery is performed.

22. The method as claimed in any one of claims 19 to 21, comprising:
determining whether a swallow movement is performed by the person; and

activating the stimulation element if the swallow movement is performed.

23. The method as claimed in claim 22, wherein the feedback further

comprises a separate visual feedback to the person if the swallow movement is

performed.

24.  The method as claimed in claims 22 or 23, wherein the determining
whether the swallow movement is performed by the subject occurs over a period of time.

25. The method as claimed in any one of claims 19 to 24, wherein the

processing of the EEG data comprises using a trained classification algorithm.

26. The method as claimed in claim 25, wherein training the classification
algorithm comprises:

dividing the EEG data into a plurality of segments,

for each segment, dividing a corresponding EEG signal portion into a plurality of
frequency bands,

for each frequency band, computing a spatial filtering projection matrix based on
a CSP algorithm and a corresponding feature, and computing mutual information of each
corresponding feature with respect to one or more motor imagery classes;
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for each segment, summing the mutual information of all the corresponding with
respect to the respective classes, and

selecting the corresponding features of the segment with a maximum sum of
mutual information for one class for training.

27. The method as claimed in claim 26, further comprising training classifiers
of the classification algorithm using the selected corresponding features.

28. The method as claimed in claim 27, wherein training the classifiers
comprises non-linear regression using the selected corresponding features and non-
linear post-processing regression using an output from the non linear regression.

29. The method as claimed in any one of claims 26 to 28, wherein computing
the spatial filtering projection matrix based on the CSP algorithm comprises using a

multi-modal multi-time segment for each frequency band.

30. The method as claimed in claim 29, wherein the multi-modal multi-time

segment for each frequency band comprises a multi-modal representation of idle states.

31. A brain-computer interface system comprising:

means for acquiring a subject’'s EEG data;

means for processing the EEG data to determine a motor imagery of the subject;

means for detecting a swallow movement of the subject using av detection device;
and

means for providing feedback to the subject based on the motor imagery, the
movement, or both;

wherein the means for providing the feedback comprises a stimulation element
for providing a stimulus to the subject.

32. The system as claimed in claim 31, wherein the stimulus comprises
functional electrical stimulation.
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33. The system as claimed in claims 31 or 32, further comprising a screen for

providing visual feedback to the person based on the motor imagery, the movement, or
both.

34. A computer readable data storage medium having stored thereon
computer code means for instructing a computer processor to execute a method of
brain-computer interface (BCI) based interaction as claimed in claim 19.



