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(57) Abstract: Systems and method for conduction
of single trial classification of EEG signals of a hu-
man subject generated responsive to a series of im-
ages containing target images and non-target im-
ages, the method comprising: obtaining said EEG
signals in a spatio-temporal representation com-
prising time points and respective spatial distribu-
tion of said EEG signals; classifying said time
points independently, using a linear discriminant
classifier, to compute spatio-temporal discriminat-
ing weights; using said spatio-temporal discrimin-
ating weights to amplify said spatio-temporal rep-
resentation by said spatio-temporal discriminating
weights at tempo-spatial points respectively, to cre-
ate a spatially-weighted representation; using Prin-
cipal Component Analysis (PCA) on a temporal
domain for dimensionality reduction, separately for
each spatial channel of said EEG signals, to create
a PCA projection; applying said PCA projection to
said spatially-weighted representation onto a first
plurality of principal components, to create a tem-
5 porally approximated spatially weighted represent-

ation containing for each spatial channel, PCA

coetficients for said plurality of principal temporal

projections; and classifying said temporally ap-

proximated spatially weighted representation, over

said number of channels, using said linear discriminant classifier, to yield a binary decisions series indicative of each image of the
images series as either belonging to said target image or to said non-target image.
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CLASSIFYING EEG SIGNALS IN RESPONSE TO VISUAL STIMULUS

FIELD OF THE INVENTION
The present invention relates generally to the field of biomedical signal processing and in

particular to systems and methods for classifying Electroencephalography signals.

BACKGROUND OF THE INVENTION

Brain Computer Interface applications, developed for both healthy and clinical
populations critically depend on decoding brain activity in single trials.

Recent advances in Neuroscience have led to an emerging interest in Brain Computer
Interface (BCI) applications for both disabled and healthy populations. These applications
critically depend on online decoding of brain activity, in response to single events (trials), as
opposed to delineation of the average response frequently studied in basic research.
Electroencephalography (EEG), a noninvasive recording technique, is one of the commonly
used systems for monitoring brain activity. EEG data is simultaneously collected from a
multitude of channels at a high temporal resolution, yielding high dimensional data matrices
for the representation of single trial brain activity. In addition to its unsurpassed temporal
resolution, EEG is non-invasive, wearable, and more affordable than other neuroimaging
techniques, and is thus a prime choice for any type of practical BCI. The two other
technologies used for decoding brain activity, namely functional MRI and MEG, require
cumbersome, expensive, and non-mobile instrumentation, and although they maintain their
position as highly valuable research tools, are unlikely to be useful for routine use of BCls.
Traditionally, EEG data has been averaged over trials to characterize task-related brain
responses despite the on-going, task independent “noise” present in single trial data.
However, in order to allow flexible real-time feedback or interaction, task-related brain
responses need to be identified in single trials, and categorized into the associated brain states.
Most classification methods use machine-learning algorithms, to classify single-trial spatio-
temporal activity matrices based on statistical properties of those matrices. These methods are
based on two main components— a feature extraction mechanism for effective dimensionality
reduction, and a classification algorithm.

Typical classifiers use a sample data to learn a mapping rule by which other test data can be
classified into one of two or more categories. Classifiers can be roughly divided to linear and

non-linear methods. Non-linear classifiers, such as Neural Networks, Hidden Markov Model
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and k-nearest necighbor, can approximate a wide range of functions, allowing discrimination
of complex data structures. While non-linear classifiers have the potential to capture complex
discriminative functions, their complexity can also cause overfitting and carry heavy
computational demands, making them less suitable for real-time applications.

Linear classifiers, on the other hand, are less complex and are thus more robust to data
overfitting. Naturally, linear classifiers perform particularly well on data that can be linearly
separated. Fisher Linear discriminant (FLD), linear Support Vector Machine (SVM) and
Logistic Regression (LR) are popular examples. FLD finds a linear combination of features
that maps the data of two classes onto a separable projection axis. The criterion for separation
is defined as the ratio of the distance between the classes mean to the variance within the
classes. SVM finds a separating hyper-plane that maximizes the margin between the two
classes. LR, as its name suggests, projects the data onto a logistic function. All lincar
classifiers offer fast solution for data discrimination, and are thus most commonly applied in
classification algorithms used for real-time BCI applications.

Whether linear or non-linear, most classifiers require a prior stage of feature extraction.
Selecting these features has become a crucial issue, as one of the main challenges in
deciphering brain activity from single trial data matrices is the high dimensional space in
which they are embedded, and the relatively small sample sizes the classifiers can rely on in
their learning stage. Feature extraction is in essence a dimensionality reduction procedure
mapping the original data onto a lower dimensional space. A successful feature extraction
procedure will pull out task-relevant information and attenuate irrelevant information. Some
feature extraction approaches use prior knowledge, such as specific frequency-bands relevant
to the experiment or brain locations most likely to be involved in the specific classification
problem. For instance, the literature has robustly pointed out parietal scalp regions to be
involved in target detection paradigms, as a specific target-related response at parietal regions,
known as the P300 wave, has been repeatedly observed approximately 300-500ms post-
stimulus. Such prior-knowledge based algorithms, in particular P300 based systems, are
commonly used for a variety of BCI applications. In contrast, other methods construct an
automatic process to pull out relevant features based on supervised or unsupervised learning
from training data sets. Some approaches for automatic feature extraction include Common
Spatial Patterns (CSP), autoregressive models (AR) and Principal Component Analysis
(PCA). CSP extracts spatial weights to discriminate between two classes, by maximizing the

variance of one class while minimizing the variance of the second class. AR instead focuses
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on temporal, rather than spatial, corrclations in a signal that may contain discriminative
information. Discriminative AR coefficients can be selected using a linear classifier. Other
methods search for spectral features to be used for classification. PCA is used for
unsupetrvised feature cxtraction, by mapping the data onto a new, uncorrelated space where
the axes are ordered by the variance of the projected data samples along the axes, and only
those axes reflecting most of the variance are maintained. The result is a new representation
of the data that retains maximal information about the original data yet provides effective
dimensionality reduction. PCA 1is used in the current study and is further elaborated in the
following sections. Such methodologies of single-trial EEG classification algorithms have
been implemented for a variety of BCI applications, using different experimental paradigms.
Most commonly, single-trial EEG classification has been used for movement-based and P300
bascd- applications. Movement tasks, both imaginary and recal, have been studied for their
potential use with disabled subjects. P300 applications, based on visual or auditory oddball
experiments, originally aimed at providing BCI-based communication devices for locked-in
patients and can also be used for a variety of applications for healthy individuals. Emotion
assessment, for example, attempts to classify emotions to categories (negative, positive and
neutral) using a combination of EEG and other physiological signals, offering a potential tool
for behavior prediction and monitoring.

An implementing a BCI framework is aimed at, in order to sort large image databases into
one of two categories (target images; non-targets). EEG patterns are used as markers for
target-image appearance during rapid visual presentation. Subjects are instructed to search for
target images (a given category out of five) within a rapid serial visual presentation (RSVP;
10 Hz). In this case, the methodological goal of the classification algorithm is to automatically
identify, within a set of event related responses, single trial spatio-temporal brain responses
that are associated with the target image detection. In addition to the common challenges
faced by single-trial classification algorithms for noisy EEG data, specific challenges are
introduced by the RSVP task, due to the fast presentation of stimuli and the ensuing overlap
between consecutive event related responses. Some methods have thus been constructed
specifically for the RSVP task.

One such method, developed specifically for single-trial classification of RSVP data used
spatial Independent Component Analysis (ICA) to extract a set of spatial weights and obtain
maximally independent spatial-temporal sources. A parallel ICA step was performed in the

frequency domain to learn spectral weights for independent time-frequency components.
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Principal Component Analysis (PCA) was used separately on the spatial and spectral sources
to reduce the dimensionality of the data. Each feature set was classified separately using
Fisher linear Discriminants and then combined using naive Bayes fusion (i.e., multiplication
of posterior probabilitics).

A more general framework was proposed for single trial classification, and was also
implemented specifically for the RSVP task. The suggested framework uses a bilinear spatial-
temporal projection of event related data on both temporal and spatial axes. These projections
can be implemented in many ways. The spatial projection can be implemented, for example,
as a linear transformation of EEG scalp recordings into underlying source space or as ICA.
The temporal projection can be thought of as a filter. The dual projections are implemented on
non-overlapping time windows of the single-trial data matrix, resulting in a scalar
representing a score per window. The windows' scores are summed or classified to provide a
classification score for the entire single trial. In addition to the choice of projections, this
framework can support additional constraints on the structure of the projections matrix. One
option is, for example, to learn the optimal time window for each channel separately and then

train the spatial terms.

BRIEF SUMMARY OF THE INVENTION
According to some embodiments of the present invention, a method for conduction of single
trial classification of EEG signals of a human subject generated responsive to a series of
images containing target images and non-target images, the method comprising: obtaining
said EEG signals in a spatio-temporal representation comprising time points and respective
spatial distribution of said EEG signals; classifying said time points independently, using a
linear discriminant classifier, to compute spatio-temporal discriminating weights; using said
spatio-temporal discriminating weights to amplify said spatio-temporal representation by said
spatio-temporal discriminating weights at tempo-spatial points respectively, to create a
spatially-weighted representation; using Principal Component Analysis (PCA) on a temporal
domain for dimensionality reduction, separately for each spatial channel of said EEG signals,
to create a PCA projection; applying said PCA projection to said spatially-weighted
representation onto a first plurality of principal components, to create a temporally
approximated spatially weighted representation containing for each spatial channel, PCA
coefficients for said plurality of principal temporal projections; and classifying said

temporally approximated spatially weighted representation, over said number of channels,
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using said lincar discriminant classifier, to yield a binary decisions series indicative of cach
image of the images series as either belonging to said target image or to said non-target
image. These additional, and/or other aspects and/or advantages of the present invention are
set forth in the detailed description which follows.
BRIEF DESCRIPTION OF THE DRAWINGS

For a better understanding of the invention and in order to show how it may be
implemented, references are made, purely by way of example, to the accompanying
drawings in which like numerals designate corresponding elements or sections. In the
accompanying drawings:
Figure 1 is a diagram illustrating images presented to a human subject in an experiment
carried out in accordance with some embodiments of the present invention; and
Figures 2-7 are various graphs and distribution diagrams illustrating the results received and
analyzed in the experiment carried out in accordance with some embodiments of the present
invention.

DETAILED DESCRIPTION OF THE INVENTION
With specific reference now to the drawings in detail, it is stressed that the particulars
shown are for the purpose of example and solely for discussing the preferred
embodiments of the present invention, and are presented in the cause of providing what is
believed to be the most useful and readily understood description of the principles and
conceptual aspects of the invention. In this regard, no attempt is made to show structural
details of the invention in more detail than is necessary for a fundamental understanding
of the invention. The description taken with the drawings makes apparent to those skilled
in the art how the several forms of the invention may be embodied in practice.
Before explaining the embodiments of the invention in detail, it is to be understood that
the invention is not limited in its application to the details of construction and the
arrangement of the components set forth in the following descriptions or illustrated in the
drawings. The invention is applicable to other embodiments or of being practiced or
carried out in various ways. Also, it is to be understood that the phraseology and
terminology employed herein is for the purpose of description and should not be regarded
as limiting.
The present invention, in embodiments thercof, provide an ability to detect distinctive

spatiotemporal brain patterns within a set of event related responses.
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A novel classification algorithm is provided herein, the Spatially Weighted FLD-PCA
(SWFP), which is based on a 2-step linear classification of event-related responses, using
Fisher Linear Discriminant (FLD) classifier and principal component analysis (PCA) for
dimensionality reduction.

In an experiment conducted, whose details are provided hereinafter, the suggested
algorithm was applied to detect target images within a rapid serial visual presentation
(RSVP, 10 Hz) of images from five different object categories, based on single trial brain
responses. We find a systematic superiority of our classification algorithm in the tested
paradigm. Additionally, HDPCA significantly increases classification accuracies
compared to the HDCA.

According to some embodiments of the present invention, a method for conducting a single
trial classification of EEG signals of a human subject generated responsive to a series of
images containing target images and non-target images, is provided herein. The method may
include the following stages: obtaining said EEG signals in a spatio-temporal representation
comprising time points and respective spatial distribution of said EEG signals; classifying
said time points independently, using a linear discriminant classifier, to compute spatio-
temporal discriminating weights; using said spatio-temporal discriminating weights to
amplify said spatio-temporal representation by said spatio-temporal discriminating weights at
tempo-spatial points respectively, to create a spatially-weighted representation; using
Principal Component Analysis (PCA) on a temporal domain for dimensionality reduction,
separately for each spatial channel of said EEG signals, to create a PCA projection; applying
said PCA projection to said spatially-weighted representation onto a first plurality of principal
components, to crecate a temporally approximated spatially weighted representation containing
for each spatial channel, PCA coefficients for said plurality of principal temporal projections;
and classifying said temporally approximated spatially weighted representation, over said
number of channels, using said linear discriminant classifier, to yield a binary decisions series
indicative of each image of the images series as either belonging to said target image or to
said non-target image.

In the amplification, each time point at each channel in the original matrix is multiplied by the
weight of that channel for this time point in the weighting matrix. So for each time point, the
channel that contribute more to the classification will be augmented relative to the ones that

contribute less to classification which will be suppressed.
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According to somec embodiments, the spatio-temporal representation compriscs a data matrix
X whose columns represent time points, each time point being spatial distribution of the EEG
signals at time t, wherein said spatio-temporal discriminating weights comprises matrix U,
Wherein said spatially-weighted representation comprises matrix Xy, wherein said PCA
projection comprises matrix A, wherein said plurality of principal components comprise first
K principal components, wherein said temporally approximated spatially weighted
representation comprises matrix X[ of size D x K, wherein D is a number of the EEG spatial
channels, and wherein said binary decisions series is represented by y, such that: y, =f(X[,);
Xa= AU X0,

wherein X0, = A X.

According to some embodiments, at least some of the target images are repeated in the image
series to increase accuracy of said binary decisions series. Specifically, presenting several
repetitions of the same image exemplars improve accuracy, and thus may be important in
cases where high accuracy is crucial.

According to some embodiments, the images at the image series are presented to the human
subject at a rate of approximately 2-10Hz. More specifically, the rate is selected so that it can
cope with overlapping responses in a rapid series of visual presentation.

According to some embodiments, the target images are related to a visually resembling class,
so that a class of “cars” or “planes” may include different images of similar objects.
According to some embodiments, the human subject is provided with a priori knowledge
regarding said target images, and wherein said binary decisions series is analyzed based on
said a priori knowledge. Alternatively, the human subject lacks any a priori knowledge
regarding said target images, and wherein said binary decisions scries is analyzed based on

said lack of a priori knowledge.

The Experiment
Following below, is a detailed description of an experiment carried out by the inventors. The
experiment illustrates embodiments of the present invention and should not be regarded as
limiting. In the experiment, human subjects were instructed to count the occurrence of target
images of one category out of five (cars, painted eggs, faces, planes, or clock faces) within a
rapid serial visual presentation (RSVP). Each image cxemplar was presented several times
during the experiment. Eye position was monitored at 1000Hz resolution.

Images were presented in 4 blocks, with a different target category in each block (clock faces
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were not used as targets). The order of blocks was counterbalanced across subjects. Each
block consisted of an RSVP of 6525 images, presented without inter-stimulus intervals every
90-110ms rates (i.e., ~10 Hz). In each block, 20% of the images were targets, randomly
distributed within the block. The subjects' task was to count the occurrences of the target
category (e.g. "count the planes"). Presentation was briefly paused every 80-120 trials and the
subject was asked to report how many targets appeared in the last run, and thereafter restart
the count. This was done to avoid the working memory load of accumulating large numbers.
The experimental paradigm is depicted in Figurel.

In the experiment, EEG recordings were acquired by an Active 2 system (BioSemi, the
Netherlands) using 64 sintered Ag/AgCl electrodes, at a sampling rate of 256 Hz with an
online low-pass filter of 51 Hz to prevent aliasing of high frequencies. Seven additional
electrodes were placed as follows: two on the mastoid processes, two horizontal EOG
channels positioned at the outer canthi of the left and right eyes (HEOGL and HEOGR,
respectively), two vertical EOG chamnels, one below (infraorbital, VEOGI) and one above
(supraorbital, VEOGS) the right eye, and a channel on the tip of the nose. All electrodes were
referenced to the average of the entire electrode set, excluding the EOG channels. Offline, a
bipolar vertical EOG (VEOG) channel was calculated as the difference between VEOGS and
VEOGI. Similarly, a bipolar horizontal EOG channel (HEOG) was calculated as the
difference between HEOGL and HEOGR. Blinks were removed by rejecting epochs in which
the VEOG bipolar channel exceeded 100 pV. The same criterion was also applied to all
other channels to reject occasional recording artifacts and gross eye movements.

A high-pass filter of 0.1Hz was used offline to remove slow drifts. The data was segmented to
one-second event-related segments starting 100ms prior to and ending 900ms after the onsct
of each image presentation, yielding, for each subject, a large channel x time spatio-temporal
data matrices for the representation of single trial brain activity. Baseline correction was
performed by subtracting the mean activity at 100ms prior to stimulus onset for each trial and
channel independently.

In all cases, single trial data is represented by the spatio-temporal activity matrix X of size
DxT, containing raw event-related signals recorded from all EEG channels at all time points,
locked to the onset of an image presentation. D is the number of EEG channels, and T is the

number of time points.
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Due to low signal to noise ratios (SNRs) of EEG data. the standard approach to analyzing
event-related responses is to study the mean Event Related Potential (ERP), averaged over
repeated trials of the same stimulus condition.

Figure 2 depicts a 'butterfly plot’ of ERPs clicited by the Target (Red) and Standard (blue)
ERPs computed for each of the recording channels, collapsed over blocks of the main
paradigm (Experiment 1) for a single sample subject. Note that on average, despite the rapid
sequence of events and the overlapping responses, the main divergence between Target and
Standard ERPs occurs between 300-500ms post-image

Figure 3 shows the temporal dependence of correct classification for all subjects at each cross
validation permutation. Note that at different permutations, temporal dependence may vary to
some extent, but there's a high degree of consistency within subject, across cross validation
permutations. The specific pattern of temporal dependence of performance varies across
subjects however, highlighting the somewhat idiosyncratic yet stable pattern of brain
responses that usually escapes notice when grand averages are used.

For each cross validation permutation, we defined the most discriminative response latency
(Tvest) as the post-stimulus latency at which the highest percent correct classification is
achieved. Figure 4 shows the probability distributions for best latencies, calculated for all
cross validation permutations. Evidently, different subjects have different preferred latencies
for Target/Standard discrimination, but almost all are roughly around 300-500ms post-image
presentation.

The nature of the SWFP algorithm allows also to investigate the spatial topography of
Standard/Targets discriminating brain patterns, as depicted by the discriminating weights at
cach scalp location. As described above, the spatial distribution of discriminating weights at
time t is given by U(t). Figure 5 depicts, for a sample subject, the mean spatial topography of
Target/Standard discrimination weights, averaged over all cross validation permutations, at
different time points post stimulus presentation. It is clear that discriminating weights build up
towards "'300ms post-stimulus presentation, and that for this subject they are maximal around
CPz, in the central-parietal area.

For further analysis we therefore investigate the corresponding mean spatial distribution of
discriminating activity, averaged over all cross validation permutations, at the subject's best
latency as depicted in Figure 6. Since best latencies vary at different cross validation
permutations we refer to the median of the evaluated probability distribution of best latencies,

as the best latency of discrimination of each subject, denoted by dps.
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Figure 7 summarizes the spatial distribution of discriminative activity for all subjects, each at
their best latency for discrimination (U(~best)). While peak discriminate activity at best
latencies tend to be at central, parietal or occipital electrodes, the exact location of the most
discriminative activity is subject specific. In few subjects discriminative activity was found to
be less localized and to involve also frontal regions. In the specific experiment considered
here, the same image exemplar could appear in different blocks as either a Target/Standard
stimulus (e.g face images were “Targets” in a Face-Target block, and “Standards” in all other
blocks). Testing was thus performed separately for the image-Target blocks and image-
Standard blocks. Performance was computed for each image exermplar, and averaged over all
presented image exemplars in the experiment. We found that this leave-one-out voting
procedure for repetitions of each image exemplar, dramatically improves image classification
performance by an average of 16.5% correct classification (12.5-20% for different subjects),
to near perfect classification in some subjects (83-95.5%; mean 89.4%). Specifically, it
increases Target-hit rates by an average of 20% (17-27% for different subjects), and reduces
false-alarms by an average of 22% (16-25% for the different subjects), resulting in hit rates of
7591% (mean 83% hits) and false alarm rates approaching zero (0-9%; mean 4%).

Despite considerable advances in computer vision, the capabilities of the human visu-
perceptual system still surpasses even the best artificial intelligence systems, especially as far
as its flexibility, learning capacity, and robustness to variable viewing conditions. Yet when it
comes to sorting through large volumes of images, such as micro- and macroscopic medical
images, or satellite aerials, human are generally accurate, but too slow. The bottleneck does
not stem mainly from perceptual processes, which are pretty quick, but from the time it takes
to register the decision, be it orally, in writing, or by a button press. To overcome this
impediment, observers can be freed from the need to overtly report their decision, while a
computerized algorithm sorts the pattern of their single trial brain responses, as images are
presented at a very high rate.

Since EEG is characterized by a low signal to noise ratio (SNR), it is traditionally analyzed by
averaging out the noise over many repetitions of the same stimulus presentation. However, for
the purpose of using EEG to label single images in real time (or nearly so), the algorithm must
be able to deal with single trials. This was complicated in the present implementation by the
need to present the images rapidly (at 10 Hz), such that brain responses to subsequent image
presentations overlapped. That is, the response to an image presentation has not yet decayed

before the next stimulus was presented. This requires special consideration when selecting a
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classification algorithm.

In fact, the inventors have discovered that the PCA, implemented in both SWFP and HDPCA
on time series from individual channels, performs a kind of spectral decomposition, where the
first few principle components turn out to represent the lowest frequency components of the
original signal. Noise reduction is thus an outcome of choosing the first few principal
components, or rather a combination of the lowest frequency components, explaining the
original variability in the signal.

The main difference of SWFP from the other two algorithms (HDCA and HDPCA) relies
mainly in the details of the spatial information in use. All three algorithms start with a first
step of linear classification, which is used to determine the discrimination-based spatial
projection of the data.

Moreover, SWFP amplifies the original data matrix by the spatio-temporal discriminating
weights prior to PCA suggesting it as a feasible algorithm to be used in the future for
automatically exploring spatio-temporal activations at the basis of other discriminating tasks.
Interestingly, we found variance across subjects in the exact time and location of the most
discriminative activity, indicating individual differences. For example, in a few of the subjects
discriminative activity was found to be less localized and to involve also frontal scalp regions
contributing to Target/Standard discrimination. While the pattern of discriminating activity in
some subjects differs from the classical spatio-temporal distribution of P300 ERPs, we find
the patterns to be reliable and informative across trials; in fact, some subjects with non-
classical spatiotemporal distribution of discriminating weights, show the highest single trial
classification performance. This suggests that the spatio-temporal brain representation of
Target detection is subject-specific, yet for each subject it is consistent across trials.

As will be appreciated by one skilled in the art, aspects of the present invention may be
embodied as a system, method or an apparatus. Accordingly, aspects of the present
invention may take the form of an entirely hardware embodiment, an entirely software
embodiment (including firmware, resident software, micro-code, etc.) or an embodiment
combining software and hardware aspects that may all generally be referred to herein as a

29 6

“circuit,” “module” or “system.”

The aforementioned flowchart and block diagrams illustrate the architecture, functionality,
and operation of possible implementations of systems and methods according to various
embodiments of the present invention. In this regard, each block in the flowchart or block

diagrams may represent a module, segment, or portion of code, which comprises one or
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more cxecutable instructions for implementing the specified logical function(s). It should
also be noted that, in some alternative implementations, the functions noted in the block
may occur out of the order noted in the figures. For example, two blocks shown in
succession may, in fact, be exccuted substantially concurrently, or the blocks may
sometimes be executed in the reverse order, depending upon the functionality involved. It
will also be noted that each block of the block diagrams and/or flowchart illustration, and
combinations of blocks in the block diagrams and/or flowchart illustration, can be
implemented by special purpose hardware-based systems that perform the specified
functions or acts, or combinations of special purpose hardware and computer instructions.
In the above description, an embodiment is an example or implementation of the

% G,

inventions. The various appearances of “one embodiment,” “an embodiment” or “some
embodiments” do not necessarily all refer to the same embodiments.

Although various features of the invention may be described in the context of a single
embodiment, the features may also be provided separately or in any suitable combination.
Conversely, although the invention may be described herein in the context of separate
embodiments for clarity, the invention may also be implemented in a single embodiment.
Reference in the specification to ‘“some embodiments”, “an embodiment”, ‘“‘one
embodiment” or “other embodiments” means that a particular feature, structure, or
characteristic described in connection with the embodiments is included in at least some
embodiments, but not necessarily all embodiments, of the inventions.

It is to be understood that the phraseology and terminology employed herein is not to be
construed as limiting and are for descriptive purpose only.

The principles and uses of the teachings of the present invention may be better understood
with reference to the accompanying description, figures and examples.

It is to be understood that the details set forth herein do not construe a limitation to an
application of the invention.

Furthermore, it is to be understood that the invention can be carried out or practiced in
various ways and that the invention can be implemented in embodiments other than the
ones outlined in the description above.

It is to be understood that the terms “including”, “comprising”, “consisting” and
grammatical variants thercof do not preclude the addition of one or more components,
features, steps, or integers or groups thereof and that the terms are to be construed as

specifying components, features, steps or integers.
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If the specification or claims refer to “an additional” element, that does not preclude there
being more than one of the additional element.

It is to be understood that where the claims or specification refer to “a” or “an” element,
such reference is not be construed that there is only one of that element.

It is to be understood that where the specification states that a component, feature,

< <

structure, or characteristic “may”, “might”, “can” or “could” be included, that particular
component, feature, structure, or characteristic is not required to be included.

Where applicable, although state diagrams, flow diagrams or both may be used to describe
embodiments, the invention is not limited to those diagrams or to the corresponding
descriptions. For example, flow need not move through each illustrated box or state, or in
exactly the same order as illustrated and described.

Methods of the present invention may be implemented by performing or completing
manually, automatically, or a combination thercof, sclected steps or tasks.

The term “method” may refer to manners, means, techniques and procedures for
accomplishing a given task including, but not limited to, those manners, means,
techniques and procedures either known to, or readily developed from known manners,
means, techniques and procedures by practitioners of the art to which the invention
belongs.

The descriptions, examples, methods and materials presented in the claims and the
specification are not to be construed as limiting but rather as illustrative only.

Meanings of technical and scientific terms used herein are to be commonly understood as
by one of ordinary skill in the art to which the invention belongs, unless otherwise
defined.

The present invention may be implemented in the testing or practice with methods and
materials equivalent or similar to those described herein.

While the invention has been described with respect to a limited number of embodiments,
these should not be construed as limitations on the scope of the invention, but rather as
exemplifications of some of the preferred embodiments. Other possible variations,
modifications, and applications are also within the scope of the invention.

According to some examples, a method for conducting a single trial classification of
Electroencephalography (EEG) signals of a human subject generated responsive to a
serics of images containing target images and non-target images comprises obtaining said

EEG signals in a spatio-temporal representation comprising time points and respective
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spatial distribution of said EEG signals; classifying said time points independently, using

a linear discriminant classifier, to compute spatio-temporal discriminating weights; using
said spatio-temporal discriminating weights to amplify said spatio-temporal representation

by said spatio-temporal discriminating weights at spatio-temporal points respectively, to
create a spatially-weighted representation; using Principal Component Analysis (PCA) on

a temporal domain for dimensionality reduction, separately for each spatial channel of
said EEG signals, to create a PCA projection; applying said PCA projection to said
spatially-weighted representation onto a first plurality of principal components, to create a
temporally approximated spatially weighted representation containing for cach spatial
channel, PCA coefficients for said plurality of principal temporal projections; and
classifying said temporally approximated spatially weighted representation, over said
number of channels, using said linear discriminant classifier, to yield a binary decisions
serics indicative of each image of the images series as either belonging to said target
tmage or to said non-target image.

According to some examples, said linear discriminant classifier is a Fisher Linear
Discriminant (FLD) classifier.

According to some examples, said spatio-temporal representation comprises a data matrix X
whose columns represent time points, each time point being spatial distribution of the EEG
signals at time t, said spatio-temporal discriminating weights comprises matrix U, said
spatially-weighted representation comprises matrix Xw, said PCA projection comprises matrix
A, said plurality of principal components comprise first K principal components, said
temporally approximated spatially weighted representation comprises matrix X of size D x K,
D is a number of the EEG spatial channels, and said binary decisions series is represented by
yasuch that: ya=AX,); Xa=A(U.* X1,), wherein X, = A X.

According to some examples, at least some of the target images are repeated in the image
series to increase accuracy of said binary decisions series.

According to some examples, the images at the image series are presented to the human
subject at a rate of approximately 10Hz.

According to some examples, the target images are related to a visually resembling class.
According to some examples, the human subject is provided with a priori knowledge
regarding said target images, and said binary decisions series is analyzed based on said a

priori knowledge.
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According to some examples, the human subject lacks any a priori knowledge regarding said
target images, and said binary decisions series is analyzed based on said lack of a priori
knowledge.

According to some examples, the method is implemented within a brain computer interface.
According to some cxamples, a system for conducting a single trial classification of
Electroencephalography (EEG) signals of a human subject generated responsive to a series of
images containing target images and non-target images comprises EEG sensors and samplers
configured to obtaining said EEG signals in a spatio-temporal representation comprising time
points and respective spatial distribution of said EEG signals; and a computer processor
configured to: classify said time points independently, using a linear discriminant classifier, to
compute spatio-temporal discriminating weights; use said spatio-temporal discriminating
weights to amplify said spatio-temporal representation by said spatio-temporal discriminating
weights at said time points respectively, to create a spatially-weighted representation; use
Principal Component Analysis (PCA) on a temporal domain for dimensionality reduction,
separately for each spatial channel of said EEG signals, to create a PCA projection; apply said
PCA projection to said spatially-weighted representation onto a plurality of principal
components, to create a temporally approximated spatially weighted representation
containing for each spatial channel, PCA coefficients for the said plurality of principal
temporal projections; and classify said temporally approximated spatially weighted
representation, over said number of channels, using said linear discriminant classifier, to yield
a binary decisions series indicative of each image of the images series as belonging to either
the target image or the non-target image.

According to some cxamples, said lincar discriminant classifier is a Fisher Lincar
Discriminant (FLD) classifier.

According to some examples, said spatio-temporal representation comprises a data matrix X
whose columns represent time points, cach time point being spatial distribution of the EEG
signals at time t, said spatio-temporal discriminating weights comprises matrix U, said
spatially-weighted representation comprises matrix X, said PCA projection comprises matrix
A, said plurality of principal components comprise first K principal components, said
temporally approximated spatially weighted representation comprises matrix X of size D x K,
D is a number of the EEG spatial channels, and said binary decisions series is represented by

yasuch that: yo =f(Xa); Xo= A(U.* X7,), wherein X, = A Xi,.
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According to some examples, at least some of the target images are repeated in the image
series to increase accuracy of said binary decisions series.

According to some examples, the images at the image series are presented to the human
subject at a rate of approximately 10Hz.

5  According to some examples, the target images are related to a visually resembling class.
According to some examples, the human subject is provided with a priori knowledge
regarding said target images, and said binary decisions series is analyzed based on said a
priori knowledge.

According to some examples, the human subject lacks any a priori knowledge regarding said
10  target images, and said binary decisions series is analyzed based on said lack of a priori

knowledge.
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CLAIMS

1. A method for conducting a single trial classification of Electroencephalography (EEG)
signals of a human subject generated responsive to a series of images containing target images

and non-target images, the method comprising:
using electrodes, obtaining said EEG signals from a multitude of channels; and
executing computer instructions for:

receiving said EEG signals from said electrodes and processing said EEG signals to
provide a spatio-temporal representation comprising time points and respective spatial

distribution of said EEG signals;

classifying said time points independently, using a linear discriminant classifier, to

compute spatio-temporal discriminating weights;

using said spatio-temporal discriminating weights to amplify said spatio-temporal
representation by said spatio-temporal discriminating weights at spatio-temporal points

respectively, to create a spatially-weighted representation;

using Principal Component Analysis (PCA) on a temporal domain for dimensionality

reduction, separately for each spatial channel of said EEG signals, to create a PCA projection,;

applying said PCA projection to said spatially-weighted representation onto a first
plurality of principal components, to create a temporally approximated spatially weighted
representation containing for cach spatial channel, PCA coefficients for said plurality of

principal temporal projections; and

classifying said temporally approximated spatially weighted representation, over said
multitude of channels, using said linear discriminant classifier, to output a label classifying
cach image of the series of images as cither belonging to said target image or to said non-

target image.

2. The method according to claim 1, wherein said linear discriminant classifier is a Fisher

Linear Discriminant (FLD) classifier.
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3. The method according to any one of claims 1 or 2, wherein said spatio-temporal
representation comprises a data matrix X whose columns represent time points, each time
point being spatial distribution of the EEG signals at time t, wherein said spatio-temporal
discriminating weights comprises matrix U, wherein said spatially-weighted representation
comprises matrix Xw, wherein said PCA projection comprises matrix A, wherein said
plurality of principal components comprise first K principal components, wherein said
temporally approximated spatially weighted representation comprises matrix X of size D x K,
wherein D is a number of the EEG spatial channels, and wherein said classification is

according to a value of yn such that: yn =f(Xn); Xn= A(U.* XTn), wherein Xn = A Xw.

4. The method according to any one of claims 1 to 3, wherein at least some of the target

images are repeated in the series of images to increase accuracy of said classification.

5. The method according to any one of claims 1 to 4, wherein the images at the series of

images are presented to the human subject at a rate of from 2Hz to 10Hz.

6. The method according to any one of claims 1 to 5, wherein the target images contain

objects of the same type.

7. The method according to any one of claims 1 to 6, comprising providing the human
subject with a priori information regarding said target images, wherein said classification is

analyzed based on said provided information.

8. The method according to any one of claims 1 to 6, being executed without providing
the human subject with any a priori information regarding said target images, wherein said

classification is analyzed based on said lack of information.

9. The method according to any one of claims 1 to 8, wherein the method is implemented

within a brain computer interface.

10. A system for conducting a single trial classification of Electroencephalography (EEG)
signals of a human subject generated responsive to a series of images containing target images

and non-target images, the system comprising:
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electrodes and samplers configured to obtaining said EEG signals from multitude of

channels; and

a special purpose hardware-based system or a combination of a special purpose

hardware and computer instructions, configured to:

process said EEG signals to provide spatio-temporal representation

comprising time points and respective spatial distribution of said EEG signals;

classify said time points independently, using a linear discriminant

classifier, to compute spatio-temporal discriminating weights;

use said spatio-temporal discriminating weights to amplify said spatio-
temporal representation by said spatio-temporal discriminating weights at said

time points respectively, to create a spatially-weighted representation;

use Principal Component Analysis (PCA) on a temporal domain for
dimensionality reduction, separately for each spatial channel of said EEG

signals, to create a PCA projection;

apply said PCA projection to said spatially-weighted representation
onto a plurality of principal components, to create a temporally approximated
spatially weighted representation containing for each spatial channel, PCA

cocfficients for the said plurality of principal temporal projections; and

classify said temporally approximated spatially weighted representation,
over said multitude of channels, using said linear discriminant classifier, to
yield a binary decisions series indicative of each image of the series of images

as belonging to either the target image or the non-target image.

11.  The system according to claim 10, wherein said linear discriminant classifier is a

Fisher Linear Discriminant (FLD) classifier.

12.  The system according to any one of claims 10 or 11, wherein said spatio-temporal
representation comprises a data matrix X whose columns represent time points, each time
point being spatial distribution of the EEG signals at time t, wherein said spatio-temporal

discriminating weights comprises matrix U, Wherein said spatially-weighted representation
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comprises matrix Xw, wherein said PCA projection comprises matrix A, wherein said
plurality of principal components comprise first K principal components, wherein said
temporally approximated spatially weighted representation comprises matrix X of size D x K,
wherein D is a number of the EEG spatial channels, and wherein said binary decisions series is

represented by yn such that:

yn =f()A(n); Xn = A(U.* )A(Tn), wherein Xn = A Xw.

13.  The system according to any one of claims 10 to 12, wherein at least some of the target

tmages arc repeated in the series of images to increase accuracy of said binary decisions series.

14.  The system according to any one of claims 10 to 13, wherein the images at the series of

images are presented to the human subject at a rate of from 2Hz to 10Hz.

15.  The system according to any one of claims 10 to 14, wherein the target images contain

objects of the same type.

16.  The system according to any onc of claims 10 to 15, wherein said binary decisions
series is analyzed based on additional information regarding said target images provided to the

human subject.

17.  The system according to any one of claims 10 to 15, wherein said binary decisions
series is analyzed based on lack of additional information regarding said target images

provided to the human subject.

18.  The system according to any one of claims 10 to 17, being implemented within a brain

computer interface.
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