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BRAIN-COMPUTER INTERFACE SYSTEM
AND METHOD

FIELD OF INVENTION

[0001] The invention relates to a non-invasive EEG-based
brain-computer interface.

BACKGROUND

[0002] Brain computer interfaces (BCls) function as a
direct communication pathway between a human brain and
an external device. Furthermore, BCI systems can also pro-
vide an important test-bed for the development of mathemati-
cal 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 neuromuscular disorders and are
hence unable to communicate through the normal neuromus-
cular, 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.

[0003] In addition to rehabilitation, BCI applications
include, but are not limited to, communication, control, bio-
feedback and interactive computer gaming and entertainment
computing.

[0004] For example, currently, stroke rehabilitation com-
monly involves physical therapy by human therapists. Alter-
natively, robotic rehabilitation may augment human thera-
pists and enable novel rehabilitation exercises which may not
be available from human therapists.

[0005] Typically, robotic rehabilitation includes rehabilita-
tion based solely on movement repetition. In other words, a
robot assists the patient even if the patient is not attentive
towards therapy and robot assistance is triggered if no move-
ment detected, for example, after a period of 2 seconds.
[0006] Moreover, robots deliver standardized rehabilita-
tion, unlike human therapists who can deliver individualized
rehabilitation based on the condition and progress of the
stroke patient. Furthermore, the use of a robot may not be
suitable for home-based rehabilitation where there are cost
and space concerns. In addition, the main form of feedback to
the patient is visual feedback provided through a screen,
which may be insufficient.

[0007] Clinical trials involving brain-computer interface
(BCI) 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).
[0008] Embodiments of the present invention seek to

improve on current brain-computer interface systems.

SUMMARY

[0009] According to a first aspect of the present invention,
there is provided a method for brain-computer interface (BCI)
based interaction, the method comprising the steps of: acquir-
ing a person’s EEG signal; processing the EEG signal to
determine a motor imagery of the person; detecting a move-
ment of the person using a detection device; and providing
feedback to the person based on the motor imagery, the move-
ment, or both; wherein providing the feedback comprises
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activating a stimulation element of the detection device for
providing a stimulus to the person.

[0010] The method may comprise processing the EEG sig-
nal to determine whether a specific motor imagery is per-
formed by the person and activating the stimulation element if
the specific motor imagery is performed.

[0011] The feedback may further comprise a separate
visual feedback to the person if the specific motor imagery is
performed.

[0012] The method may comprise determining whether a
specific movement is performed by the person and activating
the stimulation element if the specific movement is per-
formed.

[0013] The feedback may further comprise a separate
visual feedback to the person if the specific movement is
performed.

[0014] The determining whether the specific movement is
performed by the person may occur over a period of time.
[0015] The processing of the EEG signal may comprise
using a trained classification algorithm.

[0016] Training the classification algorithm may comprise:
dividing the EEG signal into a plurality of segments, for each
segment, dividing a corresponding EEG signal portion into a
plurality of frequency bands, for each frequency band, com-
puting 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; for each seg-
ment, summing the mutual information of all the correspond-
ing 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.

[0017] The method may further comprise training classifi-
ers of the classification algorithm using the selected corre-
sponding features.

[0018] Training the classifiers may comprise non-linear
regression using the selected corresponding features and non-
linear post-processing regression using an output from the
non linear regression.

[0019] Computing the spatial filtering projection matrix
based on the CSP algorithm may comprise using a multi-
modal multi-time segment for each frequency band.

[0020] The multi-modal multi-time segment for each fre-
quency band may comprise a multi-modal representation of
an idle state.

[0021] According to a second aspect of the present inven-
tion, there is provided a brain-computer interface system
comprising: means for acquiring a person’s EEG signal;
means for processing the EEG signal to determine a motor
imagery of the person; means for detecting a movement of the
person using a detection device; and means for providing
feedback to the person based on the motor imagery, the move-
ment, or both; wherein the means for providing the feedback
comprises a stimulation element of the detection device for
providing a stimulus to the person.

[0022] The stimulation element may comprise a tactile
actuator.
[0023] The system may further comprise a screen for pro-

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

[0024] According to a third aspect of the present invention,
there is provided a method of training a classification algo-
rithm for a BCI, the method comprising the steps of: dividing
a EEG signal into a plurality of segments, for each segment,
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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 informa-
tion of each corresponding feature with respect to one or more
motor imagery classes; for each segment, summing the
mutual information of all the corresponding features with
respect to the respective classes, and selecting the corre-
sponding features of the segment with a maximum sum of
mutual information for one class for training classifiers of the
classification algorithm.

[0025] Training the classifiers may comprise non-linear
regression using the selected corresponding features and non-
linear post-processing regression using an output from the
non linear regression.

[0026] Computing the spatial filtering projection matrix
based on the CSP algorithm may comprise using a multi-
modal multi-time segment for each frequency band.

[0027] The multi-modal multi-time segment for each fre-
quency band may comprise a multi-modal representation of
an idle state.

BRIEF DESCRIPTION OF THE DRAWINGS

[0028] Example embodiments of the invention will be bet-
ter 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:

[0029] FIG. 1 is a schematic drawing illustrating a system
architecture of a non-invasive electroencephalogram (EEG)
based brain-computer interface (BCI) for stroke rehabilita-
tion, according to an example embodiment of the present
invention.

[0030] FIG. 2 is an example EEG illustrating the decom-
position of the EEG into multiple time segments and fre-
quency banks, according to an example embodiment of the
present invention.

[0031] FIG. 3 illustrates the difference between a multi-
modal approach and a uni-modal approach in picking up
discriminative spatial patterns.

[0032] FIG. 4 is a flowchart summarizing the steps in a
calibration phase, according to an embodiment of the present
invention.

[0033] FIG. 5 is a schematic diagram illustrating a calibra-
tion phase and an asynchronous motor imagery rehabilitation
phase, according to one embodiment of the present invention.
[0034] FIG. 6is flowchart illustrating steps for a single trial
in a BCI system, according to an embodiment of the present
invention.

[0035] FIG.7is atime-line illustrating a sequence of events
during a motor imagery detection and rehabilitation phase,
according to an embodiment of the present invention.
[0036] FIG. 8 is a flowchart illustrating steps for a single
trial in a BCI system, according to another embodiment of the
present invention.

[0037] FIG. 9 is a screen capture of an on-screen user
interface, illustrating the feedback provided in an example
trial as described with reference to FIG. 8.

[0038] FIG. 10 is a flow chart illustrating the steps of a
method for brain-computer interface based interaction,
according to an example embodiment of the present inven-
tion.
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[0039] FIG. 11 is a flow chart illustrating a method of
training a classification algorithm for a BCI, according to an
example embodiment of the present invention.

[0040] FIG. 12 is a schematic of a computer system for
implementing the non-invasive EEG-based brain-computer
interface in example embodiments.

DETAILED DESCRIPTION

[0041] Some portions of the description which follows are
explicitly or implicitly presented in terms of algorithms and
functional or symbolic representations 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 algorithm 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 quantities, such as electrical, magnetic or optical
signals capable of being stored, transferred, combined, com-
pared, and otherwise manipulated.

[0042] Unless specifically stated otherwise, and as appar-
ent from the following, it will be appreciated that throughout
the present specification, discussions utilizing terms such as

2 <6 et} 2 2 <

“scanning”, “calculating”, “determining”, “replacing”, “gen-
erating”, “initializing”, “outputting”, or the like, refer to the
action and processes of a computer system, or similar elec-
tronic device, that manipulates and transforms data repre-
sented as physical quantities within the computer system into
other data similarly represented as physical quantities within
the computer system or other information storage, transmis-
sion or display devices.

[0043] 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 program
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.

[0044] Inaddition, the present specification also implicitly
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 implement the
teachings of the disclosure contained herein. Moreover, the
computer program is not intended to be limited to any par-
ticular 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.
[0045] Furthermore, one or more of the steps of the com-
puter program may be performed in parallel rather than
sequentially. Such a computer program may 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 suitable for
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interfacing with a general purpose computer. The computer
readable medium may also include a hard-wired medium
such as exemplified in the Internet 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.
[0046] The invention may also be implemented as hard-
ware modules. More particular, in the hardware sense, a mod-
ule is a functional hardware unit designed for use with other
components or modules. For example, a module may be
implemented using discrete electronic components, or it can
form a portion of an entire electronic circuit such as an Appli-
cation 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.

[0047] FIG. 1 is a schematic drawing illustrating a system
architecture, designated generally as reference numeral 100,
of a non-invasive electroencephalogram (EEG) based brain-
computer interface (BCI) for stroke rehabilitation, according
to an example embodiment of the present invention, compris-
ing a motor imagery detection module 102, an EEG amplifier
104, a therapy control module 108, a motion detector device
110, a computer module 111 and a display screen 112. The
motion detector device 110 advantageously comprises a
stimulation element, here in the form of a vibration motor
110a for providing a stimulus to the patient.

[0048] A subject 114 is wearing an EEG cap 116. Signals
acquired via the EEG cap 116 are sent to the EEG amplifier
104 via connection 121 for amplification. After amplification,
the signals are sent to the motor imagery detection module
102 via connection 122. During calibration, instructions are
sent from the motor imagery detection module 102 to the
computer module 111 via connection 128. During rehabilita-
tion, motor intent is sent from the motor imagery detection
module 102 to the therapy control module 108 via connection
124. The therapy control module 108 is connected to the
screen 112 via connection 129 to provide visual feedback to
the subject 114. Tactile feedback can also be provided to the
patient through the motion detector device 110 via the com-
puter module 111 via connection 128. The motion detector
device 110 in is wireless communication with the computer
module 111.

[0049] For illustrative purposes, one hand-held motion
detector device is shown here, however, it will be appreciated
by a person skilled in the art that more than one motion
detector may be used and the motion detector(s) can be
coupled to any limb and/or body part which is undergoing
rehabilitation. If the patient is unable to hold a motion detec-
tor properly, the motion detector may be “strapped” onto the
hand, e.g. using a glove with a velcro patch for attaching the
motion detector device using a corresponding patch on the
motion detector device.

[0050] Embodiments of the present invention advanta-
geously facilitate BCI-based stroke rehabilitation in a home
environment and may provide, both visual and tactile feed-
back to the patient.

[0051] Example embodiments advantageously enhance
interaction with a patient and provide better feedback on
rehabilitation performance by detecting voluntary move-
ments and providing tactile feedback. At the same time, the
BCI detects motor imagery action and provides visual feed-
back. In addition, a predicted motor imagery action can be
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mapped to both the visual feedback on the BCI and tactile
feedback on the motion detectors.

[0052] Anexample of a motion detector device including a
stimulation element that may be incorporated into this
embodiment is a Wii Remote, the primary controller of a
Nintendo Wii game console. The Wii Remote is a wireless
device that comprises linear accelerometers for motion detec-
tion, a vibration motor to provide tactile feedback, optical
sensors and a bluetooth communication system, allowing
users to interact with and manipulate items on a screen via
gesture recognition and pointing.

[0053] Referring back to FIG. 1, calibration of the motor
imagery detection module 102 is initially performed. The
calibration process described above is discussed in more
detail below.

[0054] Calibration Phase

Feature Extraction

[0055] The acquired EEG from the subject is decomposed
into multiple filter banks and time segments. FIG. 2 is an
example EEG, designated generally as reference numeral
200, illustrating the decomposition of the EEG into multiple
overlapping time segments (e.g.: 202, 204, 206), according to
an example embodiment of the present invention. Data in
each time segment is decomposed into multiple (non-over-
lapping) frequency banks, for example 4-8 Hz (208), 8-12 Hz
(210), and 36-40 Hz (212). Thereafter, a Common Spatial
Pattern (CSP) algorithm can be employed to extract CSP
features from each filter bank and time segment.

[0056] The EEG from each time segment and each filter
bank can be linearly transformed using

y=Wix (1

where x denotes an nxt matrix of the EEG data; y denotes an
nxt matrix of uncorrelated sources; W denotes a nxn time-
invariant transformation matrix; n is the number of channels;
t is the number of EEG samples per channel; and © denotes a
transpose operator. W=[w,, w,, . .., W3] such that each w,
represents a particular spatial filter.

[0057] A motor imagery state from a specific frequency
band is denoted by CO,, and the idle state is denoted by w,,.
Multiple motor imagery states from multiple frequency bands
are considered at a later stage. The probability of the motor
imagery state and the idle state are respectively denoted by
P(w,) and P(w,), such that P(w,)+P(w,)=1, and the class
conditional probability density functions are respectively
denoted by p(xlw,) and p(xlw,) whereby x is a random
sample of an EEG measurement. The Bayes error for classi-
fying x into the two classes is given by

2
elo) = f [P, p(e | @), Pln)p(x] n)ldix @

- fR plx | wp)Pw,)dx + fR P& | )P, )dx

P

where R,, is the Bayes decision region in which p(xlw,,)P(®,)
>p(xlw,)P(w,,), and R is the Bayes decision region in which
p(xlw,)P(w,)>p(xlw,)P(w,)

[0058] The close-form expression for the Bayes error is not
easily obtained except in very special cases. Hence the upper
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bound of the Bayes error is usually obtained instead. The
Bhattacharyya bound of equation (2) is given by

&)=V P(0,)P(0,)fV plo, p(xlo,)dx 3)

The Bhattacharyya bound €,4(y) is in the same form as equa-
tion (3) except that the variables and the probability density
functions are replaced by y and its probability density func-
tions. Therefore, the objective of linear spatial filtering can
also be viewed as optimizing the linear projection matrix W to
yield the minimal Bhattacharyya bound eg(y). Since the
Bhattacharyya bound depends on the probability density
functions, it can be treated under the uni-modal or multi-
modal approaches as described below:

Uni-Modal Approach

[0059] Let p(xlw) and p(xlw,) be modeled by uni-modal
Gaussian functions with covariance matrices v, and 1,
respectively. Further assume that the EEG is band-pass fil-
tered, in which the mean of both classes is assumed to be zero.
The probability density functions can then be modeled as

ng 1 1 4
P 0p) N0, )~ (2) g e = 3 5 ). @

and

ne 1 1 5
pxl )~ () g Fenp{ - 22707 x), ®

where n,, is the number of dimensions or channels of , and

w,,.
The Bhattacharyya bound is thus given by

|¢p +n
ep = \/P(wp)P(a)n) exp llog 2

©
RN VRTN ]

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 matri-
ces with that from the transformed data using wp(y):WT I
and Y,,(y)=Wy ,W. The closed-form solution to minimizing
the Bhattacharyya bound with respect to W can then be
obtained. Given a particular selection of m, the optimum W is
the collection of top m eigenvectors of y, ' s OF

wpwi:)“wnwia (7
where A, is the ith eigenvalue and w, the corresponding eigen-
vector. The eigenvectors obtained correspond to the common

spatial pattern (CSP) algorithm that is widely used by motor
imagery-based BClIs and understood in the art.

Multi-Modal Approach

[0060] The detection of the idle state in which the user is at
rest and not performing mental control is crucial in minimiz-
ing false positive detections in asynchronous BClIs. The inclu-
sion of the idle state has been experimentally shown to
improve the accuracy of the asynchronous BCIs. In embodi-
ments of the present invention, the multi-modal approach of
modeling the idle states in asynchronous motor imagery-
based BClIs is performed using the framework of the Bhatta-
charyya bound.
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[0061] Some advantages of adopting the multi-modal
approach are as follows:

[0062] 1. From the brain signal viewpoint, the idle state
comprises multiple manifestations ofall possible EEG pat-
terns 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 imag-
ery tasks in the idle state, the EEG measurements of the idle
state is largely diversified in terms of spatio-spectral char-
acteristics. Therefore, a multi-modal approach preferably
is more appropriate to model the idle state compared to the
unimodal approach.

[0063] 2. From the linear transformation viewpoint, the
optimum spatial filters that assume the uni-modal approach
may fail to pick up discriminative spatial patterns. FIG. 3,
designated generally as reference numeral 300, illustrates
the difference between a multi-modal approach and a uni-
modal approach in picking up discriminative spatial pat-
terns. Using the multi-modal approach, idle states 302 and
304 exhibit distinguishing spatial directions that are differ-
ent from control state 306. In contrast, using the uni-modal
approach, idle state 308 is similar to the control state 306.

[0064] Let the idle state w,, be modeled by M sub-classes
%=1, . . ., M. The prior probability of each sub-class is
denoted by P(y;) such that Zj:lMP(Xj)=l. Assume that each
sub-class is modeled by a Gaussian distribution function with
zero-mean and covariance matrix ;. Hence, the distribution
of the idle state w,, can be expressed as a Gaussian mixture
model given by

M ®

px| wn)~Z P(yj)

i=1

. ne L, U 1 7.1
NO. B~ % Y POl 2 exp{ - 570 5}
=

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

P @p)~NQO, Yp(), ©

v ] (10
PO~ D POING, ),
=

where

Ypin = WT‘//pWs 1D
- T

Vi =W, W, 12)

and the Bhattacharyya bound is given by

&)=V P0,)P(0,)V prlo p(io)dy 13)

It will be appreciated that it is difficult to compute the Bhat-
tacharyya bound in equation (13), hence, an approximate
numerical solution can be found instead. Ignoring the con-
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stant factor  P(w,)P(w,,), the Bhattacharyya coefficient that

comprises the integral in equation (13) can be expressed as

14
M=f\/p(y|wp)p(y|wn)dy, 4
= f mWp(dy

where

M) =+ plylwp)

and

() =Vpylw,).

Expanding p,(y) in the form that is similar to equation (5)
gives

ne 1 1 15
my)=,/@20)" 72 |Wp(y)|776XP(— zyr‘//;(ly)y)

= {(2”),% |2¢/p(y)|7% eXP(—%yT(Zl//p(y))il)J]} .

{0 F2F i}

The expression in the first curly bracket { } can be viewed as
a probability density function

Pyy=N0.2,), 16)

and the expression in the second curly bracket { } can be
written with p,(y) as

a7

=1

ne ne 1 M -
00 = Qr) ¥ 272 Yyl \/Z POCONQ, ) -

Therefore, the Bhattacharyya coefficient can be expressed as
n=PR)QG)dy. g
Since P(y) is a probability distribution function, the Bhatta-

charyya coefficient can be expressed as the expectation of Q
given by

W=E[Q()], (19)
where
P, )~N(O, 2y, ). (20)

The variable y in equation (20) is obtained by transforming
the variable x in the original space using W whereby

P, )~N(0,29,). (21)
It is assumed that p(x,/w,)~N(0, w,), i1, . . ., n, from

equation (5). Hence to have X that follows the distribution in
equation (21),

POV 250, NO20,)=1, . ., @2)
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and therefore

12 (23)
= lim —% Q(W'V2%)
np=e N

It will be appreciated that equation (23) is a relatively com-
plex function over W while the global optimum is difficult to
achieve. A simplified problem of searching for the optimum
W among a given set of candidates is preferably performed as
follows:

[0065] Let the candidate set be K_,,,;, which consists of
n,,,.. vectors. Consider a subset K that contains n_, selected
vectors. The transformation matrix formed by the subset K is
bfW .. The problem is then formulated to search for the opti-

mum set K, that satisfies

1 (24)
Kop = arg,r(nan; QWINZ %)

[0066] In embodiments of the present invention, a small
K ana 18 considered so that it is computationally feasible to
enumerate all possible combinations of selecting n,_, from

n.,,. Lhe following algorithm is preferably used to obtain

healK,.,,,and K,
[0067] 1.K_,,.~%;
[0068] 2. For each idle state subclass m:

[0069] a. Compute the projection 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).

[0070] b. Select from the linear projection vectors
which produce the least Bhattacharyya coefficient

1 (25
A+ i

i

[0071] where A, is the eigen value.
[0072] c. The set of selected vectors from W, for the
idle state m is denoted as K.
[0073] d.K_,..UK,—K_.,.s
[0074] 3. Enumerate all n  ~sized subsets of and com-
pute the estimate of Bhattacharyya coefficient using
equation (23) for each subset;

[0075] 4. Select the subset K, which satisfies equation

opt
24).
Feature Selection
[0076] The optimal transformation W obtained above is

preferably integrated into a Filter Bank Common Spatial
Pattern algorithm (FBCSP) (as disclosed by Ang et al, Filter
Bank Common Spatial Pattern (FBCSP) in Brain-Computer
Interface. Proc. IJICNN’08, 2391-2398) which deals with
multiple classes involving multiple motor imagery classes
and the idle state class, as well as multiple frequency bands
for motor imagery detection.

[0077] The variances of only a small number m of the
spatial filtered signal Z(t) by the FBCSP algorithm are used as
features. Signal Z,(t), pe{l . . . 2m} that maximizes the
difference in the variance of the two classes of EEG are
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associated with the largest eigenvalues A and (I-A). These
signals are used to form feature vector X, for each time
segment and each filter bank.

(26)

2m
X, = 10g{var(zp @) / > var(Zy(0)
i=1

[0078] Feature selection is advantageously performed
using Mutual Information. Assuming a total of d features
from each time segment F={f}, f,, . . . £}, the Mutual Infor-
mation I(f;; QV,=1 . . . d, f€F of each feature is computed
from all the time segments and all the filter banks with respect
to the class €.

[0079] A set of k=4 features is selected in the example
embodiment from each time segment that maximizes I(f; Q)
using

F=F\fLS={fil I(fi; Q)=j:1 m%fifjeFl(fj; ). @7

[0080] The mutual information of the k=4 features from
each time segment is then summed together. The time seg-
ment with the maximum sum of mutual information is
selected. It will be appreciated that different values of k may
be used in different embodiments.

[0081] For instance, there may be 9 FBCSP projection
matrices (W), one projection matrix for each of 9 frequency
bands in one example embodiment. Once the time segment
has been selected as described above, the features of each
frequency band are evaluated to determine which frequency
band is selected. In this example, where k=4, a minimum of 1
and a maximum of 4 frequency bands and associated FCSB
matrices are selected, depending on whether the whether the
features with the highest mutual information are determined
to be from the same or from different frequency bands. The
projection matrix/matrices W from the selected time segment
and frequency band/bands and the features of the selected
frequency band/bands are retained.

Non-Linear Regression

[0082] A patient may perform more than one trial. Features
from respective trials are computed using the projection
matrix/matrices (W) from the selected time segment and fre-
quency band/bands. The extracted features from all the trials
belonging to the selected time segment and frequency band/
bands are also retained as training features for the non-linear
regression while the features from the non selected time seg-
ment and frequency bands 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, which can
advantageously provide for detection of level of motor intent
in addition to detection of class of motor intent in the example
embodiment. To map the features to the desired outputs, a
generalized regression neural network (GRNN) is used. The
network preferably comprises of two layers of neurons. The
first layer comprises radial basis function neurons, while the
second layer comprises linear neurons with normalized
inputs.
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Post Processing

[0083] Another GRNN can be used to perform post-pro-
cessing. The input of the neural network is a window of
predicted labels obtained from the non-linear regression,
while the output is the desired output.

[0084] FIG. 4 is a flowchart, designated generally as refer-
ence numeral 400, summarizing the steps in a calibration
phase, according to an embodiment of the present invention.
At step 402, a projection matrix is computed for spatial fil-
tering using multi-modal multi-time segment for each fre-
quency band of EEG. At step 404, features of each frequency
band are computed. At step 406, mutual information of each
feature is computed. At step 408, features with maximum
mutual information on motor imagery actions and rest are
selected. At step 410, selected features are trained using non-
linear regression. At step 412, post processing is performed
using non-linear regression from the output obtained from

step 410.
[0085] Rehabilitation Phase
[0086] With reference back to FIG. 1, after calibration is

completed, rehabilitation can be performed using the cali-
brated motor imagery detection module 104 and the therapy
control module 108.

After calibration is completed, the subject-specific motor
imagery detection module 104 can perform real time detec-
tion of the motor intent of the patient. Based on the features
selected during the calibration phase, spatial filtering is per-
formed using the projection matrix W on the acquired EEG
data. The trained non-linear regression and post processing
using GRNN is then used to compute a motor intent output,
including a class and a level of motor intent in the example
embodiment. The detected class of motor intent is used to
provide tactile feedback and the detected class and level of
motor intent is used to provide visual feedback to the patient.
[0087] TItis to be noted that the above described calibration
phase may be useful for synchronous systems, some
examples of which will be discussed with reference to FIGS.
610 9. However, the described calibration phase is also advan-
tageously useful in the implementation of asynchronous reha-
bilitation systems.

[0088] FIG. S shows a schematic diagram 500, illustrating
a calibration phase, generally designated as reference
numeral 502, and an asynchronous motor imagery rehabili-
tation phase, generally designated as reference numeral 550,
according to one embodiment of the present invention.
[0089] During the calibration phase 502, a motor imagery
detection module 503, comprising a multi-modal processing
unit 506, a CSP filter bank unit 508, a feature selection unit
510, a non-linear regression processing unit 512 and a post-
processing regression unit 514, is used for calibration as
described above with reference to FIGS. 2 to 4. Subsequently,
the calibrated imagery detection module functions as an asyn-
chronous motor imagery detection module 551 during the
asynchronous motor imagery rehabilitation phase 550.
[0090] During asynchronous motor imagery rehabilitation
550, the asynchronous motor imagery detection module 551,
comprising a calibrated CSP filter bank unit 554, a calibrated
feature selection unit 556, a calibrated non-linear regression
processing unit 558 and a calibrated post-processing regres-
sion unit 560, is used for asynchronous motor imagery detec-
tion based on EEG signals acquired from a person. It will be
appreciated by a person skilled in the art that rehabilitation is
advantageously not driven by a rehabilitation algorithm (i.e.:
cue-based), but is driven by a person undergoing rehabilita-
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tion based on his motor imagery. This may be an alternative,
or an addition, to asynchronous initiation of a rehabilitation
phase through actual movement of the relevant limb by the
person.

[0091] Asynchronous BCl-robotic rehabilitation, accord-
ing to embodiments of the present invention, advantageously
allows patients to perform a motor intent whenever the patient
wishes. Detection in an asynchronous manner advanta-
geously does not require the user to time his/her motor imag-
ery and mental effort relative to a cue, making rehabilitation
more patient-friendly.

[0092] On the other hand, in the following description,
example embodiments of cue-based (i.e.: synchronous) reha-
bilitation using the system architecture 100 of FIG. 1 and the
calibration phase described above with reference to FIGS. 2
to 4 will be described.

[0093] FIG. 6 is a flowchart, designated generally as refer-
ence numeral 600, illustrating steps for a single trial in a BCI
system, according to an embodiment of the present invention.
At step 602, a user is given a cue to move, for example, his
right hand. At step 604, the BCI system detects if a movement
is detected over a certain period of time. If no movement is
detected over the certain period of time, the trial ends at step
606. If movement is detected within the certain period of
time, detection of motor imagery is carried out at step 608. At
step 610, single trial motor imagery rehabilitation is carried
out. Upon completion of rehabilitation, the trial ends at step
612. A break period can be provided before the next trial. The
motor imagery detection and rehabilitation portion of the trial
is designated as reference numeral 614 and an example imple-
mentation for motor imagery detection and rehabilitation will
be described with reference to FIG. 7.

[0094] FIG. 7 is a time-line, designated generally as refer-
ence numeral 700, illustrating a sequence of events during a
motor imagery detection and rehabilitation phase, according
to an embodiment of the present invention. FIG. 7 also shows
screen capture images that may be displayed on a screen at
different time intervals. Initially, a fixation cross is displayed,
illustrated by screen capture 706. A moving window (a seg-
ment, e.g.: 701), is used to compute the classifier probabilistic
output from the motor imagery detection module (refer to
FIG. 1), which can be used to provide performance feedback
to the user. A visual cue, here in the form of a left-pointing
arrow (see screen capture 708), is displayed to prompt the
user to move his hand to the left. If the user performs the
correct motor imagery to move his hand to the left, tactile
feedback 702 and visual feedback is provided (see screen
capture 710, where a box is displayed moving in the correct
direction corresponding to the arrow). Within each segment
during rehabilitation, if the user performs a correct motor
imagery, visual and tactile feedback is provided. If the user
ceases to perform the correct motor imagery to move his hand
to the left, no tactile feedback is provided, but a visual feed-
back indicates the incorrect motor imagery (see screen cap-
ture 712, where the box is displayed moving in the direction
opposite to the arrow). When the trial ends and a break period
is provided, if the user performed the correct motor imagery
for more than half of the time during the trial, a tactile reward
feedback 704 and a visual reward 714 are provided.

[0095] In the description above with reference to FIGS. 6
and 7, detection of movement triggers the detection of motor
imagery. However, many other configurations are possible, as
will be appreciated. For example, as will be described below,
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detection of correct motor imagery can trigger the detection
of movement in the BCI system.

[0096] FIG. 8 is a flowchart, designated generally as refer-
ence numeral 800, illustrating steps for a single trial ina BCI
system, according to another embodiment of the present
invention. At step 802, a user is given a cue to perform a
certain motor imagery (e.g.: move hand up). At step 804, the
BCI system detects if the correct motor imagery is presented
by the user within a certain period of time. If no correct motor
imagery is detected within the certain period of time, the trial
ends at step 806. If correct motor imagery is detected within
the certain period of time, visual and tactile feedback is pro-
vided at step 808. At step 810, the system detects if a correct
movement (i.e.: hand is moved up) is detected over a certain
period of time. If no correct movement is detected over the
certain period of time, the trial ends at step 812. If the correct
movement is detected within the certain period of time, visual
and tactile feedback is provided at step. At step 818, the trial
ends.

[0097] FIG. 9 is a screen capture, designated generally as
reference numeral 900, of an on-screen user interface, illus-
trating the feedback provided in an example trial as described
above with reference to FIG. 8. In screen 902, the graphical
user interface displays an arrow 904 pointing up, prompting a
user to move his hand up. A virtual motion detector 906 may
be displayed on the screen to provide another form of visual
aid. In screen 910, when the user correctly moves the motion
detector up, 2 types of positive feedback are provided—
tactile feedback from a motion detector device 912 and visual
feedback (the arrow 904 changes colour and the virtual
motion detector 906 moves up).

[0098] The addition of a motion detector to enable another
facet of interaction and feedback to the existing BCI advan-
tageously allows users with different degrees of limb mobility
to interact with the rehabilitation system. Users with higher
degree of motor capability may perform cue-based voluntary
motion detector movements and perform motor imagery
while users with little or no capability of movement may
employ only motor imagery.

[0099] FIG. 10 is a flow chart, designated generally as
reference numeral 1000, illustrating the steps of a method for
brain-computer interface based interaction, according to an
example embodiment of the present invention. At step 1002,
a person’s EEG signal is acquired. At step 1004, the EEG
signal is processed to determine a motor imagery of the per-
son. At step 1006, a movement of the person is detected using
a detection device. At step 1008, feedback is provided to the
person based on the motor imagery, the movement, or both;
wherein providing the feedback comprises activating a stimu-
lation element of the detection device for providing a stimulus
to the person.

[0100] FIG. 11 is a flow chart, designated generally as
reference numeral 1100, illustrating the steps of a method of
training a classification algorithm for a BCI according to an
example embodiment of the present invention. At step 1102,
an EEG signal is divided into a plurality of segments. At step
1104, for each segment, a corresponding EEG signal portion
is divided into a plurality of frequency bands. At step 1106,
for each frequency band, a spatial filtering projection matrix
is computed based on a CSP algorithm and a corresponding
feature, and mutual information of each corresponding fea-
ture is computed with respect to one or more motor imagery
classes. At step 1108, for each segment, the mutual informa-
tion of all the corresponding features is summed with respect
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to the respective classes. At step 1110, the corresponding
features of the segment with a maximum sum of mutual
information for one class are selected for training classifiers
of the classification algorithm.
[0101] The method and system ofthe example embodiment
can be implemented on the computer system 1200, schemati-
cally shown in FIG. 12. It may be implemented as software,
such as a computer program being executed within the com-
puter system 1200, and instructing the computer system 1200
to conduct the method of the example embodiment.
[0102] 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 motion detector device 1209.
[0103] The computer module 1202 is connected to a com-
puter 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).
[0104] 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 mod-
ule 1202 also includes a number of Input/Output (I/O) inter-
faces, for example I/O interface 1224 to the display 1208, I/O
interface 1226 to the keyboard 1204, and I/O interface 1229 to
the motion detector device 1209.
[0105] The components of the computer module 1202 typi-
cally communicate via an interconnected bus 1228 and in a
manner known to the person skilled in the relevant art.
[0106] 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
utilizing a corresponding data storage medium drive of a data
storage device 1230. The application program is read and
controlled in its execution by the processor 1218. Intermedi-
ate storage of program data maybe accomplished using RAM
1220.
[0107] 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 embodiments without
departing from a spirit or scope of the invention as broadly
described. The embodiments are, therefore, to be considered
in all respects to be illustrative and not restrictive.
1. A method for brain-computer interface (BCI) based
interaction, the method comprising the steps of:
acquiring a person’s EEG signal;
processing the EEG signal to determine a motor imagery of
the person;
detecting a movement of the person using a detection
device; and
providing feedback to the person based on the motor imag-
ery, the movement, or both;
wherein providing the feedback comprises activating a
stimulation element of the detection device for provid-
ing a stimulus to the person.
2. The method as claimed in claim 1, comprising:
processing the EEG signal to determine whether a specific
motor imagery is performed by the person; and
activating the stimulation element if the specific motor
imagery is performed.
3. The method as claimed in claim 2, wherein the feedback
further comprises a separate visual feedback to the person if
the specific motor imagery is performed.
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4. The method as claimed in claim 1, comprising:

determining whether a specific movement is performed by

the person; and

activating the stimulation element if the specific movement

is performed.

5. The method as claimed in claim 4, wherein the feedback
further comprises a separate visual feedback to the person if
the specific movement is performed.

6. The method as claimed in claim 4, wherein the deter-
mining whether the specific movement is performed by the
person occurs over a period of time.

7. The method as claimed in claim 1, wherein the process-
ing of the EEG signal comprises using a trained classification
algorithm.

8. The method as claimed in claim 7, wherein training the
classification algorithm comprises:

dividing the EEG signal 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 pro-

jection matrix based on a CSP algorithm and a corre-
sponding feature, and computing 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 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.

9. The method as claimed in claim 8, further comprising
training classifiers of the classification algorithm using the
selected corresponding features.

10. The method as claimed in claim 9, 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.

11. The method as claimed in claim 8, wherein computing
the spatial filtering projection matrix based on the CSP algo-
rithm comprises using a multi-modal multi-time segment for
each frequency band.

12. The method as claimed in claim 11, wherein the multi-
modal multi-time segment for each frequency band com-
prises a multi-modal representation of an idle state.

13. A brain-computer interface system comprising:

means for acquiring a person’s EEG signal;

means for processing the EEG signal to determine a motor
imagery of the person;
means for detecting a movement of the person using a
detection device; and
means for providing feedback to the person based on the
motor imagery, the movement, or both;
wherein the means for providing the feedback comprises a
stimulation element of the detection device for provid-
ing a stimulus to the person.
14. The system as claimed in claim 13, wherein the stimu-
lation element comprises a tactile actuator.
15. The system as claimed in claim 13, further comprising
a screen for providing visual feedback to the person based on
the motor imagery, the movement, or both.
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16. A method of training a classification algorithm for a
BCI, the method comprising the steps of:

dividing a EEG signal 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 pro-

jection matrix based on a CSP algorithm and a corre-
sponding feature, and computing 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 corresponding features 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 classifiers of the classification algorithm.

17. The method as claimed in claim 16, wherein training
the classifiers comprises non-linear regression using the
selected corresponding features and non-linear post-process-
ing regression using an output from the non linear regression.

18. The method as claimed in claim 16, wherein computing
the spatial filtering projection matrix based on the CSP algo-
rithm comprises using a multi-modal multi-time segment for
each frequency band.

19. The method as claimed in claim 18, wherein the multi-
modal multi-time segment for each frequency band com-
prises a multi-modal representation of an idle state.

Ed * * Ed Ed
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