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(7) ABSTRACT

A method of classifying an image is disclosed. The method
comprises: applying a computer vision procedure to the
image to detect therein candidate image regions suspected as
being occupied by a target; presenting to an observer each
candidate image region as a visual stimulus, while collecting
neurophysiological signals from a brain of the observer;
processing the neurophysiological signals to identify a neu-
rophysiological event indicative of a detection of the target
by the observer; and determining an existence of the target
in the image is based, at least in part, on the identification of
the neurophysiological event.
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IMAGE CLASSIFICATION BY BRAIN
COMPUTER INTERFACE

RELATED APPLICATION

[0001] This application claims the benefit of priority of
Israeli Patent Application No. 239191 filed Jun. 3, 2015, the
contents of which are incorporated herein by reference in
their entirety.

FIELD AND BACKGROUND OF THE
INVENTION

[0002] The present invention, in some embodiments
thereof, relates to a Brain Computer Interface (BCI) and,
more particularly, but not exclusively, to a method and
system for classification of an image.

[0003] BClI applications depend on decoding brain activity
in response to single events (trials), as opposed to delinea-
tion 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.

[0004] Traditional classification techniques 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 compo-
nents: a feature extraction mechanism for effective dimen-
sionality 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 Neu-
ral Networks, Hidden Markov Model and k-nearest neigh-
bor, can approximate a wide range of functions, allowing
discrimination of complex data structures. While non-linear
classifiers have the potential to capture complex discrimi-
native functions, their complexity can also cause overfitting
and carry heavy computational demands, making them less
suitable for real-time applications.

[0005] Linear classifiers, on the other hand, are less com-
plex and are thus more robust to data overfitting. 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 examples of linear classifiers. 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.

[0006] International publication No. W(02014/170897, the
contents of which are hereby incorporated by reference,
discloses a method for conduction of single trial classifica-
tion of EEG signals of a human subject generated responsive
to a series of images containing target images and non-target
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images. The method comprises: obtaining the EEG signals
in a spatio-temporal representation comprising time points
and respective spatial distribution of the EEG signals; clas-
sifying the time points independently, using a linear dis-
criminant classifier, to compute spatio-temporal discriminat-
ing weights; using the spatio-temporal discriminating
weights to amplify the spatio-temporal representation by the
spatio-temporal discriminating weights at tempo-spatial
points respectively, to create a spatially-weighted represen-
tation; using Principal Component Analysis (PCA) on a
temporal domain for dimensionality reduction, separately
for each spatial channel of the EEG signals, to create a PCA
projection; applying the PCA projection to the spatially-
weighted representation onto a first plurality of principal
components, to create a temporally approximated spatially
weighted representation containing for each spatial channel,
PCA coeflicients for the plurality of principal temporal
projections; and classifying the temporally approximated
spatially weighted representation, over the number of chan-
nels, using the linear discriminant classifier, to yield a binary
decisions series indicative of each image of the images
series as either belonging to the target image or to the
non-target image.

SUMMARY OF THE INVENTION

[0007] According to an aspect of some embodiments of
the present invention there is provided a method of classi-
fying an image. The method comprises: applying a computer
vision procedure to the image to detect therein candidate
image regions suspected as being occupied by a target;
presenting to an observer each candidate image region as a
visual stimulus, while collecting neurophysiological signals
from a brain of the observer; processing the neurophysi-
ological signals to identify a neurophysiological event
indicative of a detection of the target by the observer; and
determining an existence of the target in the image is based,
at least in part, on the identification of the neurophysiologi-
cal event.

[0008] According to some embodiments of the invention
the invention the method comprises tiling the image into a
plurality of image tiles, wherein at least one tile encom-
passes a candidate image region, and wherein the presenting
each candidate image region comprises presenting the at
least one tile.

[0009] According to some embodiments of the invention
the invention the method comprises assigning to the image
a neurophysiological detection score, wherein the determin-
ing the existence of the target in the image is based, at least
in part on the neurophysiological detection score.

[0010] According to some embodiments of the invention
the invention the method comprises assigning a computer
detection score to the image using the computer vision
procedure, wherein the determining the existence of the
target in the image is based on both the computer detection
score and the neurophysiological detection score.

[0011] According to some embodiments of the invention
the invention the method comprises, for at least one image
region or group of image regions, comparing the computer
detection score to the neurophysiological detection score,
and re-presenting the at least one image region or group of
image regions to the observer based on the comparison.
[0012] According to some embodiments of the invention
the invention the method comprises processing the neuro-
physiological signals to identify eye blinks, and re-present-
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ing an image region or a group of image regions to the
observer in response to a positive identification of the eye
blink during previous presentation of the image region or
group of image regions.

[0013] According to some embodiments of the invention
the invention the method comprises repeating the presenta-
tion and the identification of the neurophysiological event
for at least one image region of the set, comparing the
identification to a previous identification of the at least one
image region, and determining a neurophysiological state of
the observer based on the comparison.

[0014] According to some embodiments of the invention
the invention the method comprises presenting to the
observer a database image region containing the target,
processing the neurophysiological signals to identify a neu-
rophysiological event indicative of a detection of the target
in the database image region by the observer, and determin-
ing a neurophysiological state of the observer based on the
identification.

[0015] According to some embodiments of the invention
the invention the method comprises processing the neuro-
physiological signals to identify muscle tonus, and re-
presenting an image region or a group of image regions to
the observer in response to a positive identification of the
muscle tonus during previous presentation of the image
region or group of image regions.

[0016] According to an aspect of some embodiments of
the present invention there is provided a method of classi-
fying an image. The method comprises: applying a computer
vision procedure to the image to detect a target therein, and
assigning a computer detection score to the image using the
computer vision procedure; presenting the image to an
observer as a visual stimulus, while collecting neurophysi-
ological signals from a brain of the observer; processing the
neurophysiological signals to identify a neurophysiological
event indicative of a detection of the target by the observer,
and assigning to the image a neurophysiological detection
score, based on the identification; and determining an exis-
tence of the target in the image based on both the computer
detection score and the neurophysiological detection score.
[0017] According to some embodiments of the invention
the invention the method comprises comparing the computer
detection score to the neurophysiological detection score,
and re-presenting the image to the observer based on the
comparison.

[0018] According to some embodiments of the invention
the invention the method comprises processing the neuro-
physiological signals to identify eye blinks, and re-present-
ing the image to the observer in response to a positive
identification of the eye blink during previous presentation
of the image.

[0019] According to some embodiments of the invention
the invention the method comprises repeating the presenta-
tion and the identification of the neurophysiological event,
comparing the identification to a previous identification of
the image, and determining a neurophysiological state of the
observer based on the comparison.

[0020] According to some embodiments of the invention
the invention the neurophysiological signals comprise EEG
signals, and wherein the method comprises calculating a
ratio of slow wave EEG to fast wave EEG and determining
a neurophysiological state of the observer based on the ratio.
[0021] According to some embodiments of the invention
the invention the method comprises presenting to the
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observer a database image containing the target, processing
the neurophysiological signals to identify a neurophysi-
ological event indicative of a detection of the target in the
database image by the observer, and determining a neuro-
physiological state of the observer based on the identifica-
tion.

[0022] According to some embodiments of the invention
the invention the method comprises processing the neuro-
physiological signals to identify muscle tonus, and re-
presenting the image to the observer in response to a positive
identification of the muscle tonus during previous presen-
tation of the image.

[0023] According to some embodiments of the invention
the invention the neurophysiological signals comprise EEG
signals, and wherein the method comprises calculating a
ratio of slow wave EEG to fast wave EEG and determining
a neurophysiological state of the observer based on the ratio.

[0024] According to some embodiments of the invention
the invention the method comprises processing the neuro-
physiological signals to identify eye blinks, evaluating a
temporal pattern of the eye blinks and determining a neu-
rophysiological state of the observer based on the temporal
pattern.

[0025] According to some embodiments of the invention
the invention the computer vision procedure employs clus-
tering.

[0026] According to some embodiments of the invention
the invention, wherein the computer vision procedure
employs neural networks.

[0027] According to some embodiments of the invention
the invention, wherein the collecting the neurophysiological
signals is at a sampling rate of at least 150 Hz.

[0028] According to some embodiments of the invention
the invention the method comprises applying a low pass
filter to the collected neurophysiological signals.

[0029] According to some embodiments of the invention
the invention the processing the neurophysiological signals
comprises applying a Spatially Weighted Fisher Linear
Discriminant (SWFLD) classifier to the neurophysiological
signals.

[0030] According to some embodiments of the invention
the invention the processing the neurophysiological signals
comprises applying a convolutional neural network (CNN)
classifier to the neurophysiological signals.

[0031] According to some embodiments of the invention
the invention the processing the neurophysiological signals
comprises: applying a Spatially Weighted Fisher Linear
Discriminant (SWFLD) classifier; calculating a SWFLD
classification score based on the SWFLD classifier; applying
a convolutional neural network (CNN) classifier to the
neurophysiological signals; calculating a CNN classification
score based on the CNN classifier; and combining the
SWFLD score and the CNN score.

[0032] According to some embodiments of the invention
the invention the CNN comprises a first convolution layer
applying spatial filtering for each of a plurality of time points
characterizing the neurophysiological signals, a second con-
volution layer applying temporal filtering to outputs pro-
vided by the first convolution layer, and a third convolution
layer applying temporal filtering to outputs provided by the
second convolution layer.
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[0033] According to some embodiments of the invention
the invention the method comprises presenting to the
observer a feedback regarding the identification of the
neurophysiological event.

[0034] According to an aspect of some embodiments of
the present invention there is provided a system for classi-
fying an image. The system comprises: a data processor
configured for applying a computer vision procedure to the
image to detect therein image regions suspected as being
occupied by a target, thereby providing a set of candidate
image regions; a display communicating with the data
processor, wherein the data processor is configured for
presenting to an observer, by the display, each candidate
image region as a visual stimulus; and a neurophysiological
signal collection system, communicating with the data pro-
cessor and being configured for collecting neurophysiologi-
cal signals from a brain of the observer during the presen-
tation and transmitting the signals to the data processor;
wherein the data processor is configured for processing the
neurophysiological signals to identify a neurophysiological
event indicative of a detection of the target by the observer,
and for determining an existence of the target in the image
is based, at least in part, on the identification of the neuro-
physiological event.

[0035] According to some embodiments of the invention
the data processor is configured for tiling the image into a
plurality of image tiles, wherein at least one tile encom-
passes a candidate image region, and wherein the presenting
each candidate image region comprises presenting the at
least one tile.

[0036] According to some embodiments of the invention
the invention the data processor is configured for assigning
to the image a neurophysiological detection score, wherein
the determining the existence of the target in the image is
based, at least in part on the neurophysiological detection
score.

[0037] According to some embodiments of the invention
the data processor is configured for assigning a computer
detection score to the image using the computer vision
procedure, wherein the determining the existence of the
target in the image is based on both the computer detection
score and the neurophysiological detection score.

[0038] According to some embodiments of the invention
the data processor is configured for comparing the computer
detection score to the neurophysiological detection score,
and re-presenting at least one image region or group of
image regions to the observer based on the comparison.
[0039] According to some embodiments of the invention
the invention the data processor is configured for processing
the neurophysiological signals to identify eye blinks, and
re-presenting an image region or a group of image regions
to the observer in response to a positive identification of the
eye blink during previous presentation of the image region
or group of image regions.

[0040] According to some embodiments of the invention
the invention the data processor is configured for repeating
the presentation and the identification of the neurophysi-
ological event for at least one image region of the set, for
comparing the identification to a previous identification of
the at least one image region, and for determining a neuro-
physiological state of the observer based on the comparison.
[0041] According to some embodiments of the invention
the invention the data processor is configured for presenting
to the observer a database image region containing the
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target, for processing the neurophysiological signals to iden-
tify a neurophysiological event indicative of a detection of
the target in the database image region by the observer, and
for determining a neurophysiological state of the observer
based on the identification.

[0042] According to some embodiments of the invention
the invention the data processor is configured for processing
the neurophysiological signals to identify muscle tonus, and
for re-presenting an image region or a group of image
regions to the observer in response to a positive identifica-
tion of the muscle tonus during previous presentation of the
image region or group of image regions.

[0043] According to an aspect of some embodiments of
the present invention there is provided a system of classi-
fying an image, comprises: a data processor configured for
applying a computer vision procedure to the image to detect
a target therein, and assigning a computer detection score to
the image using the computer vision procedure; a display
communicating with the data processor, wherein the data
processor is configured for presenting the image to an
observer as a visual stimulus; a neurophysiological signal
collection system, communicating with the data processor
and being configured for collecting neurophysiological sig-
nals from a brain of the observer during the presentation and
transmitting the signals to the data processor; wherein the
data processor is configured for processing the neurophysi-
ological signals to identify a neurophysiological event
indicative of a detection of the target by the observer,
assigning to the image a neurophysiological detection score,
based on the identification, and determining an existence of
the target in the image based on both the computer detection
score and the neurophysiological detection score.

[0044] According to some embodiments of the invention
the data processor is configured comparing the computer
detection score to the neurophysiological detection score,
and re-presenting the image to the observer based on the
comparison.

[0045] According to some embodiments of the invention
the invention the data processor is configured for processing
the neurophysiological signals to identify eye blinks, and
re-presenting the image to the observer in response to a
positive identification of the eye blink during previous
presentation of the image.

[0046] According to some embodiments of the invention
the invention the data processor is configured for repeating
the presentation and the identification of the neurophysi-
ological event, comparing the identification to a previous
identification of the image, and determining a neurophysi-
ological state of the observer based on the comparison.

[0047] According to sonic embodiments of the invention
the invention the data processor is configured for presenting
to the observer a database image containing the target,
processing the neurophysiological signals to identify a neu-
rophysiological event indicative of a detection of the target
in the database image by the observer, and determining a
neurophysiological state of the observer based on the iden-
tification.

[0048] According to some embodiments of the invention
the invention the data processor is configured for processing
the neurophysiological signals to identify muscle tonus, and
re-presenting the image to the observer in response to a
positive identification of the muscle tonus during previous
presentation of the image.
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[0049] According to sonic embodiments of the invention
the invention the neurophysiological signals comprise EEG
signals, and wherein the data processor is configured for
calculating a ratio of slow wave EEG to fast wave EEG and
determining a neurophysiological state of the observer based
on the ratio.

[0050] According to some embodiments of the invention
the invention the data processor is configured for processing
the neurophysiological signals to identify eye blinks, for
evaluating a temporal pattern of the eye blinks, and for
determining a neurophysiological state of the observer based
on the temporal pattern.

[0051] According to some embodiments of the invention
the invention the data processor is configured for presenting
to the observer a feedback regarding the identification of the
neurophysiological event.

[0052] According to some embodiments of the invention
the system is a virtual reality system.

[0053] According to some embodiments of the invention
the system is an augmented reality system.

[0054] According to an aspect of some embodiments of
the present invention there is provided a method of classi-
fying an image. The method comprises: presenting the
image to an observer as a visual stimulus, while collecting
neurophysiological signals from a brain of the observer;
digitizing the neurophysiological signals to provide neuro-
physiological data; simultaneously processing the image and
the neurophysiological data using a convolutional neural
network (CNN) to identify a correlation between a computer
vision detection of a target in the image and a neurophysi-
ological event indicative of a detection of the target by the
observer; and determining an existence of the target in the
image based the identified correlation; wherein the CNN
comprises a first convolutional neural subnetwork (CNS)
configured for receiving and processing the neurophysi-
ological data, a second CNS configured for receiving and
processing the image, and a shared subnetwork having a
neural network layer receiving and combining outputs from
both the first CNS and the second. CNS.

[0055] According to some embodiments of the invention
the invention the method comprises: assigning to the image
a neurophysiological detection score using at least the first
CNS; assigning to the image a computer detection score
using at least the second CNS; comparing the computer
detection score to the neurophysiological detection score;
and re-presenting the image to the observer based on the
comparison.

[0056] According to some embodiments of the invention
the invention the method comprises processing the neuro-
physiological signals to identify eye blinks, and re-present-
ing the image to the observer in response to a positive
identification of the eye blink during previous presentation
of the image.

[0057] According to some embodiments of the invention
the invention the method comprises repeating the presenta-
tion and the simultaneous processing, comparing the iden-
tification to a previous identification of the image, and
determining a neurophysiological state of the observer based
on the comparison.

[0058] According to some embodiments of the invention
the invention the neurophysiological signals comprise EEG
signals, and wherein the method comprises calculating a
ratio of slow wave EEG to fast wave EEG and determining
a neurophysiological state of the observer based on the ratio.
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[0059] According to some embodiments of the invention
the invention the method comprises presenting to the
observer a database image containing the target, processing
the neurophysiological signals to identify a neurophysi-
ological event indicative of a detection of the target in the
database image by the observer, and determining a neuro-
physiological state of the observer based on the identifica-
tion.

[0060] According to some embodiments of the invention
the invention the method comprises processing the neuro-
physiological signals to identify muscle tonus, and re-
presenting the image to the observer in response to a positive
identification of the muscle tonus during previous presen-
tation of the image.

[0061] According to some embodiments of the invention
the invention the neurophysiological signals comprise EEG
signals, and wherein the method comprises calculating a
ratio of slow wave EEG to fast wave EEG and determining
a neurophysiological state of the observer based on the ratio.
[0062] According to some embodiments of the invention
the invention the method comprises processing the neuro-
physiological signals to identify eye blinks, evaluating a
temporal pattern of the eye blinks and determining a neu-
rophysiological state of the observer based on the temporal
pattern.

[0063] According to some embodiments of the invention
the invention the collecting the neurophysiological signals is
at a sampling rate of at least 150 Hz.

[0064] According to some embodiments of the invention
the invention the method comprises applying a low pass
filter to the collected neurophysiological signals.

[0065] According to some embodiments of the invention
the invention the method comprises presenting to the
observer a feedback regarding the identification of the
neurophysiological event.

[0066] According to some embodiments of the invention
the invention the method is used in a virtual reality system.
[0067] According to some embodiments of the invention
the invention the method is used in an augmented reality
system.

[0068] According to some embodiments of the invention
the invention the method comprises varying a field-of-view
provided by the virtual reality or augmented reality system,
in response to the determination of the existence.

[0069] According to an aspect of some embodiments of
the present invention there is provided a system of classi-
fying an image. The system comprises: a data processor
configured for receiving the image; a display communicat-
ing with the data processor, wherein the data processor is
configured for presenting the image to an observer as a
visual stimulus; a neurophysiological signal collection sys-
tem, communicating with the data processor and being
configured for collecting neurophysiological signals from a
brain of the observer during the presentation and transmit-
ting the signals to the data processor; wherein the data
processor is configured for: digitizing the neurophysiologi-
cal signals to provide neurophysiological data; simultane-
ously processing the image and the neurophysiological data
using a convolutional neural network (CNN) to identify a
correlation between a computer vision detection of a target
in the image and a neurophysiological event indicative of a
detection of the target by the observer, the CNN comprises
a first convolutional neural subnetwork (CNS) configured
for receiving and processing the neurophysiological data, a
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second CNS configured for receiving and processing the
image data, and a shared subnetwork having a neural net-
work layer receiving and combining outputs from both the
first CNS and the second CNS; and determining an existence
of the target in the image based the identified correlation.
[0070] According to some embodiments of the invention
the data processor is configured for: assigning to the image
a neurophysiological detection score using at least the first
CNS; assigning to the image a computer detection score
using at least the second CNS; comparing the computer
detection score to the neurophysiological detection score;
and re-presenting the image to the observer based on the
comparison.

[0071] According to some embodiments of the invention
the invention the data processor is configured for processing
the neurophysiological signals to identify eye blinks, and
re-presenting the image to the observer in response to a
positive identification of the eye blink during previous
presentation of the image.

[0072] According to some embodiments of the invention
the invention the data processor is configured for repeating
the presentation and the simultaneous processing, compar-
ing the identification to a previous identification of the
image, and determining a neurophysiological state of the
observer based on the comparison.

[0073] According to some embodiments of the invention
the invention the data processor is configured for presenting
to the observer a database image containing the target,
processing the neurophysiological signals to identify a neu-
rophysiological event indicative of a detection of the target
in the database image by the observer, and determining a
neurophysiological state of the observer based on the iden-
tification.

[0074] According to some embodiments of the invention
the invention the data processor is configured for processing
the neurophysiological signals to identify muscle tonus, and
re-presenting the image to the observer in response to a
positive identification of the muscle tonus during previous
presentation of the image.

[0075] According to some embodiments of the invention
the invention the neurophysiological signals comprise EEG
signals, and wherein the data processor is configured for
calculating a ratio of slow wave EEG to fast wave EEG and
determining a neurophysiological state of the observer based
on the ratio.

[0076] According to some embodiments of the invention
the invention the data processor is configured for processing
the neurophysiological signals to identify eye blinks, for
evaluating a temporal pattern of the eye blinks, and for
determining a neurophysiological state of the observer based
on the temporal pattern.

[0077] According to some embodiments of the invention
the invention the data processor is configured for presenting
to the observer a feedback regarding the identification of the
neurophysiological event.

[0078] According to sonic embodiments of the invention
the feedback is binary.

[0079] According to some embodiments of the invention
the feedback is non-binary.

[0080] According to some embodiments of the invention
the invention the system is a virtual reality system.

[0081] According to some embodiments of the invention
the invention the system is an augmented reality system.
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[0082] According to some embodiments of the invention
the invention the data processor is configured for varying a
field-of-view provided by the virtual reality or augmented
reality system, in response to the determination of the
existence.

[0083] Unless otherwise defined, all technical and/or sci-
entific terms used herein have the same meaning as com-
monly understood by one of ordinary skill in the art to which
the invention pertains. Although methods and materials
similar or equivalent to those described herein can be used
in the practice or testing of embodiments of the invention,
exemplary methods and/or materials are described below. In
case of conflict, the patent specification, including defini-
tions, will control. In addition, the materials, methods, and
examples are illustrative only and are not intended to he
necessarily limiting.

[0084] Implementation of the method and/or system of
embodiments of the invention can involve performing or
completing selected tasks manually, automatically, or a
combination thereof. Moreover, according to actual instru-
mentation and equipment of embodiments of the method
and/or system of the invention, several selected tasks could
be implemented by hardware, by software or by firmware or
by a combination thereof using an operating system.
[0085] For example, hardware for performing selected
tasks according to embodiments of the invention could be
implemented as a chip or a circuit. As software, selected
tasks according to embodiments of the invention could be
implemented as a plurality of software instructions being
executed by a computer using any suitable operating system.
In an exemplary embodiment of the invention, one or more
tasks according to exemplary embodiments of method and/
or system as described herein are performed by a data
processor, such as a computing platform for executing a
plurality of instructions. Optionally, the data processor
includes a volatile memory for storing instructions and/or
data and/or a non-volatile storage, for example, a magnetic
hard-disk and/or removable media, for storing instructions
and/or data. Optionally, a network connection is provided as
well. A display and/or a user input device such as a keyboard
or mouse are optionally provided as well.

BRIEF DESCRIPTION OF SEVERAL VIEWS OF
THE DRAWINGS

[0086] Some embodiments of the invention are herein
described, by way of example only, with reference to the
accompanying drawings. With specific reference now to the
drawings in detail, it is stressed that the particulars shown
are by way of example and for purposes of illustrative
discussion of embodiments of the invention. In this regard,
the description taken with the drawings makes apparent to
those skilled in the art how embodiments of the invention
may be practiced.

[0087] In the drawings:

[0088] FIGS. 1A-C are block diagrams describing a pro-
totype image classification system, according to some
embodiments of the present invention;

[0089] FIGS. 2A and 2B show examples descriptors
extracted from aerial image of river with objects, according
to some embodiments of the present invention;

[0090] FIGS. 3A and 3B show detected regions of interest
in aerial image of river with objects, as obtained in experi-
ments performed according to some embodiments of the
present invention;
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[0091] FIG. 4is a schematic illustration of a convolutional
neural network, according to some embodiments of the
present invention;

[0092] FIG. 5 is a graph showing true positive rate (TPR)
as a function of false negative rate (FPR), as Obtained
according to some embodiments of the present invention
using a combination of classifiers;

[0093] FIG. 6 is a flowchart diagram describing an opera-
tion principle of an analysis module according to some
embodiments of the present invention;

[0094] FIG. 7 is a screenshot of a display of the prototype
image classification system, according to some embodi-
ments of the present invention;

[0095] FIG. 8 is another screenshot of a display of the
prototype image classification system, according to some
embodiments of the present invention;

[0096] FIG. 9A shows an average brain response (ERP) to
targets and non-targets at one EEG electrodes, as obtained in
experiments performed according to some embodiments of
the present invention for X ray images;

[0097] FIG. 9B shows a distribution of electrical poten-
tials on the head of an observer, as obtained in experiments
performed according to some embodiments of the present
invention for X ray images;

[0098] FIGS. 10A and 10B show a difference between
brain responses to single images of Targets and Non-Targets,
as measured in experiments performed according to some
embodiments of the present invention for X ray images;

[0099] FIG. 11 shows scores distribution of a test phase
dataset, used in experiments performed according to some
embodiments of the present invention for X ray images;

[0100] FIG. 12 shows a Receiver Operating Characteristic
(ROC) curve illustrating a performance of a classifier used
in experiments performed according to some embodiments
of the present invention at different thresholds for X ray
images;

[0101] FIG. 13 shows hit rates and false alarm (FA) rates
as obtained in experiments performed according to some
embodiments of the present invention for X ray images;

[0102] FIGS. 14A and 14B show a difference between
brain responses to single images of targets and non-targets
as obtained in experiments performed according to some
embodiments of the present invention for aerial images;

[0103] FIG. 15 shows average brain response (ERP) to
targets and non-targets at one electrodes as obtained in
experiments performed according to some embodiments of
the present invention for aerial images;

[0104] FIG. 16 shows a distribution of electrical potentials
on the head of an observer as obtained in experiments
performed according to some embodiments of the present
invention for aerial images;

[0105] FIG. 17 is a flowchart diagram of a method suitable
for classifving an image, according to various exemplary
embodiments of the present invention;

[0106] FIG. 18 is a schematic illustration of a system for
classifying an image, according to some embodiments of the
present invention; and

[0107] FIG. 19 is schematic illustration of a multimodal
convolutional neural network, according to some embodi-
ments of the present invention.
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DESCRIPTION OF SPECIFIC EMBODIMENTS
OF THE INVENTION

[0108] The present invention, in some embodiments
thereof, relates to a Brain Computer Interface and, more
particularly, but not exclusively, to a method and system for
classification of an image.

[0109] Before explaining at least one embodiment of the
invention in detail, it is to be understood that the invention
is not necessarily limited in its application to the details of
construction and the arrangement of the components and/or
methods set forth in the following description and/or illus-
trated in the drawings and/or the Examples. The invention is
capable of other embodiments or of being practiced or
carried out in various ways.

[0110] Embodiments of the present invention are directed
to a method suitable for classifying an image, more prefer-
ably within a stream of images, even more preferably each
image in stream of images, by BCI. It is to be understood
that, unless otherwise defined, the operations described
hereinbelow can be executed either contemporaneously or
sequentially in many combinations or orders of execution.
Specifically, the ordering of the flowchart diagrams is not to
be considered as limiting. For example, two or more opera-
tions, appearing in the following description or in the
flowchart diagrams in a particular order, can be executed in
a different order (e.g., a reverse order) or substantially
contemporaneously. Additionally, several operations
described below are optional and may not be executed.

[0111] At least part of the operations can be can be
implemented by a data processing system, e.g., a dedicated
circuitry or a general purpose computer, configured for
receiving data and executing the operations described below.
At least part of the operations can be implemented by a
cloud-computing facility at a remote location. The data
processing system or cloud-computing facility can serve, at
least for part of the operations as an image processing
system, wherein the data received by the data processing
system or cloud-computing facility include image data.

[0112] Computer programs implementing the method of
the present embodiments can commonly be distributed to
users on a distribution medium such as, but not limited to,
a floppy disk, a CD-ROM, a flash memory device and a
portable hard drive. From the distribution medium, the
computer programs can be copied to a hard disk or a similar
intermediate storage medium. The computer programs can
be run by loading the computer instructions either from their
distribution medium or their intermediate storage medium
into the execution memory of the computer, configuring the
computer to act in accordance with the method of this
invention. All these operations are well-known to those
skilled in the art of computer systems.

[0113] The method of the present embodiments can be
embodied in many forms. For example, it can be embodied
in on a tangible medium such as a computer for performing
the method operations. It can be embodied on a computer
readable medium, comprising computer readable instruc-
tions for carrying out the method operations. In can also be
embodied in electronic device having digital computer capa-
bilities arranged to run the computer program on the tangible
medium or execute the instruction on a computer readable
medium.
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[0114] Reference is now made to FIG. 17 which is a
flowchart diagram of a method suitable for classifying an
image, according to various exemplary embodiments of the
present invention.

[0115] The method begins at 10 and continues to 11 at
which an image is received, the image can be of any type,
including, without limitation, a color image, an infrared
image, a ultraviolet image, a thermal image, a grayscale
image, a high dynamic range (HDR) image, an aerial image,
a medical image, a satellite image, an astronomy image, a
microscope image, an MRI image, an X-ray image, a
thermal image, a computerized tomography (CT) image, a
mammography image, a positron emission tomography
(PET) image, an ultrasound image, an impedance image,
and a single photon emission computed tomography
(SPECT) image.

[0116] The method continues to 12 at which a computer
vision procedure is applied to the image to detect therein
image regions suspected as being occupied by a target. This
operation results in a set of candidate image regions. The
target can be provided as input to the method, or more
preferably to an image processor that executes the computer
vision procedure. The input can be in the form of a reference
image or as a set of one or more computer readable descrip-
tors that allows the image processor to determine whether or
not the target occupies a region in the image. The target can
be any visible object of any shape, including living objects
(humans or animals), organs of living objects (e.g., faces,
limbs), inanimate objects, and parts of inanimate objects.

[0117] The set provided at 12 can include any number of
image regions, including a single image region. It is appre-
ciated that there are cases in which a computer vision
procedure fails to detect a target in an image. In these cases,
the set provided at 12 is the null set.

[0118] The present embodiments contemplate any type of
computer vision procedure suitable for detecting input tar-
gets in an image. One preferred computer vision procedure
is known as “bag of visual words” or “bag of keypoints,”
found, for example, in Ref. [1]. This procedure makes use of
a “visual dictionary” also known as “visual vocabulary” to
provide a mid-level characterization of images for bridging
the semantic gap between low-level features and high-level
concepts. The visual dictionary can be estimated in an
unsupervised manner by clustering a set of training samples,
which can be low level features extracted from training
images. Each of at least a portion of the feature vectors of
the image is assigned to its closest cluster, and an occupancy
histogram is built. The image can then be classified by
providing the occupancy histogram to a set of classifiers
(one per class). Representative examples classifiers suitable
for use in a computer vision procedure employed according
to some embodiments of the present invention including,
without limitation, Support Vector Machine (SVM), Adap-
tive Boosting, Naive Bayes, and the like.

[0119] In the bag of keypoints procedure, keypoints in the
image can be detected, for example, using a Speeded up
Robust Features (SURF) detector to form a feature vector. A
supervised or, more preferably, unsupervised cluster analy-
sis can then be applied to the feature vectors, to construct the
dictionary of visual words. Representative example of clus-
tering analysis procedure suitable for the present embodi-
ments including, without limitation, (e.g., k-Means, fuzzy
K-means, hierarchical clustering and Bayesian clustering.
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[0120] Also contemplated are computer vision procedures
employing unsupervised neural network. One such preferred
computer vision procedure relates to sparse autoencoder. In
this case, patches of the image are extracted, optionally and
preferably randomly, from the image, and each patch is
concatenated to form a column vector. Each vector is
optionally and preferably passed through a neural network,
typically, but not necessarily a two-layer neural network, to
provide a set of filters. The image can be filtered by
convolution with these filters to obtain a set of filtered
images, which can be used to form a feature vector.
[0121] The present embodiments also contemplate use of
more than one type of computer vision procedure to detect
the image regions. For example, at 12 a collection of image
regions obtained by applying two or more different types of
computer vision procedure can be obtained. A more detailed
description of computer vision procedures suitable for the
present embodiments is provided in the Examples section
that follows.

[0122] In some embodiments of the present invention the
computer vision procedure is also used for assigning a
computer detection score to the image at 12. For example,
the score can be at the range [0, 1] wherein 0 corresponds to
an image for which the computer vision procedure failed to
detect the target, 1 corresponds to an image for which the
computer vision procedure detected the target.

[0123] The method continues to 13 at which each candi-
date image region is presented to an observer (preferably
human observer) as a visual stimulus. This can be done using
a display device. In some embodiments the image is tiled
into a plurality of image tiles, such that at least one tile
encompasses a candidate image region. In these embodi-
ments, tiles that encompass candidate image regions are
presented at 13. The advantage of these embodiments is that
the size (e.g., area) of the tiles can be selected to ease the
visual perception of the observer.

[0124] Alternatively, the entire image can be presented to
the observer, rather than only candidate image regions. The
image can be presented as a whole, or be tiled into a plurality
of image tiles, that may or may not encompass a candidate
image region. In these embodiments, the image or a tile of
the image is presented at 13 irrespectively whether or not it
encompasses a candidate region.

[0125] The regions, or tiles, are preferably presented seri-
ally at a sufficiently high rate. Such presentation is referred
to as Rapid Serial Visual Presentation (RSVP). The rate is
preferably selected so that it can cope with overlapping
responses in a rapid series of visual presentation. Represen-
tative presentation rates suitable for the present embodi-
ments are from about 2 Hz to about 20 Hz or from about 2
Hz to about 15 Hz or from about 2 Hz to about 10 Hz or from
about 5 Hz to about 20 Hz or from about 5 Hz to about 15
Hz or from about 5 Hz to about 10 Hz.

[0126] The method continues to 14 at which neurophysi-
ological signals are collected from a brain of the observer.
Operation 14 is preferably executed contemporaneously
with the visual stimulus 13, so that the collected signals
include also signals that are indicative of the Observer’s
response to the visual stimulus. The neurophysiological
signals are preferably encephalogram (EG) signals, such as
electroencephalogram (EEG) signals or magnetoencephalo-
gram (MEQG) signals. Other types of signals are also con-
templated, but the present inventors found that EEG signals
are preferred.



US 2018/0089531 A1

[0127] The EEG signals are preferably collected, option-
ally and preferably simultaneously, from a multiplicity of
electrodes (e.g., at least 4 or at least 16 or at least 32 or at
least 64 electrodes), and optionally and preferably at a
sufficiently high temporal resolution. In some embodiments
of the present invention signals are sampled at a sampling
rate of at least 150 Hz or at least 200 Hz or at least 250 Hz,
e.g., about 256 Hz. Optionally, a low-pass filter of is
employed to prevent aliasing of high frequencies. A typical
cutoff frequency for the low pass filter is, without limitation,
about 51 Hz.

[0128] When the neurophysiological signals are EEG sig-
nals, one or more of the following frequency bands can be
defined: delta band (typically from about 1 Hz to about 4
Hz), theta band (typically from about 3 to about 8 Hz), alpha
band (typically from about 7 to about 13 Hz), low beta band
(typically from about 12 to about 18 Hz), beta band (typi-
cally from about 17 to about 23 Hz), and high beta band
(typically from about 22 to about 30 Hz). Higher frequency
bands, such as, but not limited to, gamma band (typically
from about 30 to about 80 Hz), are also contemplated.

[0129] Electrodes can be placed at one or more, optionally
and preferably all, of the following locations: two on the
mastoid processes, two horizontal EOG channels positioned
at the outer canthi of the left and right eyes, two vertical
EOG channels, one below and one above the right eye, and
a channel on the tip of the nose.

[0130] The method continues to 15 at which the neuro-
physiological signals are processed to identify a neurophysi-
ological event indicative of a detection of the target by the
observer. According to some embodiments, the observer is
provided with a priori knowledge regarding the target that is
to be identified in the image. For example, a region-of-
interest including the target can be displayed to the observer,
and the observer can be asked to memorize the target in the
displayed region-of-interest.

[0131] The processing 15 can be done in more than one
way. Following is a description of several techniques that
can be used for identifying a neurophysiological event in the
neurophysiological signals.

[0132] The processing typically includes a digitization
procedure that generates digital data from the signals. These
data are typically arranged as a spatiotemporal matrix, in
which the spatial dimension corresponds to electrode loca-
tion on the scalp of the observer, and the temporal dimension
is a discretization of the time axis into a plurality of time
points or epochs, that may or may not be overlapped. The
data can then be subjected to a dimensionality reduction
procedure for mapping the data onto a lower dimensional
space. The processing may optionally, but not necessarily, be
based on frequency-bands relevant to target detection. Spe-
cifically, the processing may be primarily based on the P300
EEG wave.

[0133] The processing is preferably automatic and can be
based on supervised or unsupervised learning from training
data sets. Learning techniques that are useful for identifying
a target detection events include, without limitation, Com-
mon 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 on tempo-
ral, rather than spatial, correlations in a signal that may

Mar. 29, 2018

contain discriminative information. Discriminative AR coef-
ficients can be selected using a linear classifier.

[0134] PCA is particularly useful for unsupervised learn-
ing. PCA maps the data onto a new, typically uncorrelated
space, where the axes are ordered by the variance of the
projected data samples along the axes, and only axes that
reflect most of the variance are maintained. The result is a
new representation of the data that retains maximal infor-
mation about the original data yet provides effective dimen-
sionality reduction.

[0135] Another method useful for identifying a target
detection event employs spatial Independent Component
Analysis (ICA) to extract a set of spatial weights and obtain
maximally independent spatial-temporal sources. A parallel
ICA stage is performed in the frequency domain to learn
spectral weights for independent time-frequency compo-
nents. PCA can be used separately on the spatial and spectral
sources to reduce the dimensionality of the data. Each
feature set can be classified separately using Fisher Linear
Discriminants (FLD) and can then optionally and preferably
be combined using naive Bayes fusion, by multiplication of
posterior probabilities).

[0136] Another technique employs a bilinear spatial-tem-
poral 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 signals into underly-
ing source space or as ICA. The temporal projection can
serve as a filter. The dual projections can be implemented on
non-overlapping time windows of the single-trial data
matrix, resulting in a scalar representing a score per window.
The windows” scores can be summed or classified to provide
a classification score for the entire single trial. In addition to
the choice of this technique can support additional con-
straints 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.

[0137] In various exemplary embodiments of the inven-
tion the method employs a Spatially Weighted Fisher Linear
Discriminant (SWFLD) classifier to the neurophysiological
signals. This classifier can be obtained by executing at least
some of the following operations. Time points can be
classified independently to compute a spatiotemporal matrix
of discriminating weights. This matrix can then be used for
amplifying the original spatiotemporal matrix by the dis-
criminating weights at each spatiotemporal point, thereby
providing a spatially-weighted matrix.

[0138] Preferably the SWFLD is supplemented by PCA.
In these embodiments, PCA is optionally and preferably
applied on the temporal domain, separately and indepen-
dently for each spatial channel. This represents the time
series data as a linear combination of components. PCA is
optionally and preferably also applied independently on
each row vector of the spatially weighted matrix. These two
separate applications of PCA provide a projection matrix,
which can be used to reduce the dimensions of each channel,
thereby providing a data matrix of reduced dimensionality.
[0139] The rows of this matrix of reduced dimensionality
can then be concatenated to provide a feature representation
vector, representing the temporally approximated, spatially
weighted activity of the signal. An FLD classifier can then
be trained on the feature vectors to classify the spatiotem-
poral matrices into one of two classes. In the present
embodiments, one class corresponds to a target identifica-
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tion event, and another class corresponds to other events.
More details regarding the SWFLD classifier according to
some embodiments of the present invention is provided in
the Examples section that follows.

[0140] In various exemplary embodiments of the inven-
tion the method employs a convolutional neural network
(CNN) classifier to the neurophysiological signals. In these
embodiments the CNN receives the signals as a spatiotem-
poral matrix and produces a score, typically in the range [0,
1] which estimates the probability that the presented visual
stimulus is a target. The network can optionally and pref-
erably be trained using stochastic gradient descent (SGD) to
minimize a logistic regression cost function. In a preferred
embodiment the CNN comprises a first convolution layer
applying spatial filtering for each of a plurality of time points
characterizing the neurophysiological signals, a second con-
volution layer applying temporal filtering to outputs pro-
vided by the first convolution layer, and optionally and
preferably also a third convolution layer applying temporal
filtering to outputs provided by the second convolution
layer. The second and third convolution layers typically
learn temporal patterns in the signal that represent the
change in amplitude of the spatial maps learned by the first
layer, and therefore advantageous since they improve the
classification accuracy.

[0141] The CNN can also comprise two or more fully
connected layers each providing a non-linear combination of
the outputs provided by a layer preceding the respective
fully connected layer. A first fully connected layer preferably
receives output from the third convolutional layer (when a
third convolutional layer is employed) or the second con-
volutional layer (preferably, but riot necessarily, when a
third convolutional layer is not employed). A second fully
connected layer preferably receives output from the first
from the first fully connected layer. Optionally, the CNN
comprises two or more pooling layers, e.g., max-pooling
layers, to reduce dimensionality. More details regarding the
preferred CNN is provided in the Examples section that
follows.

[0142] The processing 15 optionally and preferably com-
prises calculating a score describing the probability that a
target exists in the image. The score is calculated using the
respective classifier. For example, when the classifier is an
SWFLD classifier, a Fisher score can be calculated, and
when the classifier is a CNN classifier, the score can be the
output of the logistic regression layer of the CNN.

[0143] In apreferred embodiment, the method employs an
observer-specific score normalization function for normal-
izing the calculated score. Such an observer-specific score
normalization function is typically prepared at a training
stage in which the method is repeatedly executed for the
same observer using a training dataset of images, wherein
each image of the dataset is classified as either containing or
not containing the target. The observer-specific score nor-
malization function can also be target specific, in which case
the training stage is repeated for each target to be detected.
However, this is need not necessarily be the case, since, for
some applications, it may not be necessary to repeat the
training for each target, since the observer’s ability to detect
different targets may be similar, particularly when the dif-
ferent targets belong to the same category (e.g., different
vehicles, different faces, etc.).

[0144] During the training stage, a first score distribution
function is calculated for target classified as containing the
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target, and a second score distribution function is calculated
for target classified as not containing the target. The score
distribution functions that are calculated at the training
stage, then used to normalize the score provided at the
running stage. For example, denoting the first score distri-
bution function by g;, and the second score distribution
function by g,, a score s provided by the classifier at the
running stage can be normalized to provide a normalized
score § defined as §=g, (s)/(g,(s)+g,(s)).

[0145] The first and second score distribution functions
can have a predetermined shape in the score space. Typically
the shape is localized. Representative examples of types of
distribution functions suitable for use as first and second
score distribution functions including, without limitation, a
Gaussian, a Lorenzian and a modified Bessel function.
[0146] The normalized score can be compared to a pre-
determined confidence threshold to determine the level of
confidence of the identified detection event. When the
normalized is below the predetermined confidence thresh-
old, the method optionally and preferably loops back to 13
to re-present the respective image region or group of image
regions to the observer and re-calculate the normalized
score.

[0147] In some embodiments, two different types of clas-
sifiers are used and a score that weighs the scores provided
by the individual classifiers is computed. For example, the
method can apply an SWFLD classifier and calculate a
SWFLD classification score based on the SWFLD classifier,
applies a CNN classifier and calculate a CNN classification
score based on the CNN classifier, and combines the
SWFLD score and the CNN score. The combination of the
two score may optionally and preferably be preceded by a
score resealing operation that brings the two scores to
similar scale. The aforementioned normalization using the
first and second score distribution functions can also serve
for resealing the scores.

[0148] In some embodiments of the present invention the
method proceeds to 16 at which the neurophysiological
signals are processed to identify eye blinks. In these embodi-
ments, when there is a positive identification of an eye blink
during a presentation of an image region or group of image
regions to the observer, the method optionally and prefer-
ably loops back to 13 and re-presents the respective image
region or group of image regions to the observer. Eye blinks
can be identified using any technique known in the art, such
as the technique disclosed in U.S. Pat. No. 5,513,649 and
U.S. Published Application No. 20150018704, the contents
of which are hereby incorporated by reference.

[0149] The method proceeds to 17 at which an existence
of target in the image is determined based, at least in part,
on the identification of the neurophysiological event. For
example, the method determines that the target exists in the
image when a detection event has been identified in one or
more of the regions presented in 13. Optionally, a neuro-
physiological detection score is assigned to the image (or an
image region, is only a region is presented at a given time,
or an image tile if only an image tile is presented at a given
time), for example, using the score generated by the classi-
fier at 15 or using a combined score if more than one
classifier is employed. When neurophysiological detection
score is assigned to the image, the determination 17 is
preferably based, at least in part, on the neurophysiological
detection score. This can be done, for example, by thresh-
olding, wherein when the neurophysiological detection
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score is above a predetermined threshold the method deter-
mines that the target is in the image, and when the neuro-
physiological detection score is not above the predetermined
threshold the method determines that the target is not in the
image. The method can also assign a probability value to the
existence of the target in the image. This can be done based
on the neurophysiological detection score. For example, the
score can be mapped into a probabilistic scale (e.g., in the
range [0,1]) and the value of the mapped score can be used
as a target existence probability.

[0150] When a computer detection score is assigned to the
image using computer vision procedure, the determination
17 is preferably based on both the computer detection score
and the neurophysiological detection score. For example,
when both scores are high, the method can determine that
the target exists in the image. When the scores mismatch (for
example, when the computer detection score is high but the
neurophysiological detection score is low), the method
optionally and preferably loops back to 13 and re-presents
the respective image region or group of image regions to the
observer.

[0151] The present embodiments also contemplate the use
of a multimodal CNN for simultaneously processing the
image data that form the image and the neurophysiological
data that describes the response of the observer to the
presentation of the image (or image region or image tile).
The multimodal CNN can be used to identify a correlation
between the computer vision detection and the neurophysi-
ological detection, in a manner that will now be explained
with reference to FIG. 19.

[0152] Shown in FIG. 19 is a multimodal CNN 50 which
comprises a first convolutional neural subnetwork (CNS) 52
that receives and processes neurophysiological data
obtained by digitizing the signals collected at 14, and a
second CNS 52 that receives and processes the image data
received at 11. In various exemplary embodiments of the
invention each of first CNS 52 and second. CNS 54 operates
independently, in a manner that each of subnetworks 52 and
54 receives and processes a different type of data (neuro-
physiological data for the CNS 52, and image data for CNS
54), and there is no data flow between subnetworks 52 and
54. Thus, in these embodiments, the input layer of CNS 52
receives neurophysiological data but not image data, the
input layer of CNS 54 receives image data but not neuro-
physiological data, each layer of CNS 52 (other than its
input layer) receives data from a layer of CNS 52 that
proceeds the respective layer but not from any layer of CNS
54, and each layer of CNS 54 (other than its input layer)
receives data from a layer of CNS 54 that proceeds the
respective layer but not from any layer of CNS 52.

[0153] A least a portion of CNS 52 can be configured as
described above with respect to the classification of the
neurophysiological signals. At least a portion of CNS 54 can
be configured as described above with respect to the com-
puter vision procedure.

[0154] CNN 50 also comprises a shared subnetwork 56
having a neural network layer 58 receiving and combining
outputs from both CNS 52 and CNS 54. Typically, the output
of each of CNS 52 and CNS 54 is a one-dimensional vector.
In these embodiments, layer 58 can be a concatenation layer
that concatenates the output vector provided by CNS 52 with
the output vector provided by CNS 54, Shared subnetwork
56 can also comprise an output layer 60 that calculates a
score using the concatenated vector provided by layer 58. It
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was found by the inventors of the present invention that such
a score describes the correlation between the between the
computer vision detection and the neurophysiological detec-
tion, in a manner that. Layer 60 can calculate the score using
any technique known in the art, including, without limita-
tion, a softmax activation function or a logistic regression
function.

[0155] While CNN 50 combines the output of CNS 52 and
CNS 54 it was found by the inventors of the present
invention that it is also beneficial to split the output of at last
one of these convolutional subnetworks such that the respec-
tive output are combined by shared subnetwork 56 but are
also processed separately. This can be done by means of an
additional neural network layer or an additional subnetwork
that receives the output of the respective CNN but not the
other CNN. Shown in FIG. 19 is a first additional neural
network layer 62 that receives the output of CNS 52 and a
second additional neural network layer 64 that receives the
output of CNS 54. Each of the additional layers 62 and 64
can separately calculate a score using the output vector of
the respective CNS.

[0156] The advantage of these embodiments is that they
allow distinguishing between the accuracy of the neuro-
physiological and computer vision detections. For example,
the method can assign to the image a neurophysiological
detection score as calculated by layer 62, assigning to the
image a computer detection score as calculated by layer 64,
compare the computer detection score to the neurophysi-
ological detection score; and re-presenting the image to
observer based on the comparison, as further detailed here-
inabove.

[0157] Another advantage of the split of output is that it
allows presenting the observer only an image or a region or
atile that in which a computer vision detection occurred. For
example, operation 12 described above can be executed by
CNS 54 and layer 64.

[0158] It is appreciated that it is not necessary to split the
outputs of CNS 52 and CNS 54. A separate score for the
neurophysiological detection and for the computer detection
can be obtained by applying any of the above procedures for
processing neurophysiological signals and/or computer
vision procedures in addition to the application of CNN 50.
[0159] The method optionally and preferably continues to
18 at which the neurophysiological state of observer is
determined. This can be done in more than one way.
[0160] In some embodiments of the present invention the
presentation 13, collection 14 and identification 15 are
repeated for one or more image regions. The repeated
identification is compared to the previous identification and
the neurophysiological state of the observer is determined
based on the comparison. For example, when the two
identifications do not match, the method can determine that
the observer has lost attention or is fatigued. The comparison
between the identifications can be either a binary compari-
son, in which case the method determine whether or not the
observer identified the target in both presentation instances,
or non-binary in which case the method compares the scores
provided by the classifier at 15 in both presentation
instances, and determine the neurophysiological state based
on the variability (e.g., difference, ratio) of these scores,
wherein higher variability indicates an attention loss or
fatigue.

[0161] In some embodiments of the present invention a
ratio of slow wave EEG to fast wave EEG is calculated, and
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the neurophysiological state of observer is determined a
based on this ratio. A representative example of such a ratio
is (theta+alpha)/beta, where theta, alpha and beta are mag-
nitude of EEG waves at the respective frequency bands. An
increase in this ratio indicates an increase in fatigue levels.
[0162] In some embodiments of the present invention a
database image region containing the target is presented to
the observer. And the collection 14 and processing 15 are
repeated for the database image. This is useful for deter-
mining a false negative event by the observer. The result of
the identification at 15 can be used for determining the
neurophysiological state of the observer. For example, when
the presentation of database image region at 13 results in a
false negative event at 15, the method can determine that the
observer has lost attention or is fatigued.

[0163] In some embodiments of the present invention the
identification of eye blink at 16 can be used for determining
the neurophysiological state of the observer. In these
embodiments, a temporal pattern of the eye blinks can be
evaluated and used for the determining the neurophysiologi-
cal state. For example, an observer-specific eye blink thresh-
old can be obtained, e.g., from a computer readable memory
medium, and compared to the rate of eye blinks. When the
rate of eye blinks is above the observer-specific eye blink
threshold the method can determine that the observer is
fatigued. An observer-specific eye blink threshold can be
recorded prior to the execution of the method.

[0164] In some embodiments of the present invention
muscle tonus is identified and the neurophysiological state
of the observer is determined based on the identification of
muscle tonus or lack thereof. Muscle tonus can be identified
using a specific sensor, such as, but not limited to, the sensor
described in U.S, Pat. No. 5,579,783 or U.S. Published
Application No. 20110087128, the contents of which are
hereby incorporated by reference, or by analyzing the neu-
rophysiological signals.

[0165] When an attention loss, fatigue or other condition
that reduces the ability of observer to correctly detect the
target is identified at 18, the method optionally and prefer-
ably loops back to 13 to re-present the respective image
region or group of image regions to the observer.

[0166] At 19, the method optionally and preferably pres-
ents to observer a feedback regarding the identification of
neurophysiological event. The feedback serves as a neuro-
feedback that allows the observer to learn how to change his
or hers brain responses to the visual stimuli and to improve
the neurophysiological identification. The learning process
of the observer can be implicit, such that the observer is not
able to explicitly express how the neurophysiological iden-
tification is improved. Alternatively, the feedback can be
explicit by requiring the observer to provide a cognitive or
emotional strategy for improving the identification. The
process of providing a feedback can be repeated in an
iterative manner, wherein classification parameters of the
processing 15 are updated following each accurate identifi-
cation and inaccurate identifications, and the feedback is
re-presented to further improve the neurophysiological iden-
tification. It was found by the Inventor that by adapting the
brain responses to improve the neurophysiological identifi-
cation, the image interpretation skills of the observer are
improved, since the observer implicitly learns how the
signal processing 15 identifies detection event.

[0167] The feedback can be a binary feedback, e.g., one of
a positive feedback for a correct identification (true positive
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or true negative), and negative feedback for incorrect iden-
tification (false positive or false negative). Alternatively, the
feedback can be non-binary, e.g., a feedback that presents
the score calculated at 15. The feedback can be provided
visually, audibly, or tactilely, as desired.

[0168] At 20, an output describing the identification is
generated. This can he done in more than one way. In some
embodiments of the present invention the output is in the
form of a collection (an album) of images, wherein each
image in the album is associated with a detection score (e.g,,
a neurophysiological detection score, or a is combined score
as described above). In some embodiments of the present
invention only images whose scores exceed a score thresh-
old are included in the album. The score threshold can be
predetermined or dynamically updated.

[0169] In some embodiments of the present invention the
output is in the form of a map including more than one image
classified by the observer. In these embodiments the image
is segmented into a plurality of tiles, optionally and prefer-
ably with an overlap between adjacent tiles in both the
vertical and horizontal directions. The overlap is optionally
and preferably such that a fraction p of the tile is shared with
the adjacent tile, where the fraction p is larger than some
fraction threshold (e.g., p>0.5, but other values for the
fraction threshold are also contemplated). The map can be
embodied as a matrix such that each matrix-element of the
matrix corresponds to an nth of a tile. A score is optionally
and preferably calculated for each nth of a tile. For example,
the score can be the average of the neurophysiological
detection scores or combined scores of all the tiles that
contain the respective nth of the tile. Once the matrix is
computed, it can be displayed as an image with points with
higher scores being marked as potential targets. Such a map
is referred to as a heat map. Additional potential targets can
be located by searching for local maxima of the heat map.
[0170] The method ends at 21.

[0171] The method of the present embodiments can be
used for identifying a target a stream of images transmitted
to a display observed by the observer from any source. The
source can be a computer readable storage medium storing
the images, or an imaging system. The method of the present
embodiments can also be employed in a virtual reality or an
augmented reality system. In these embodiments, the results
of the determination at 18 can be used for identifying targets
in the field-of-view presented to the user of the virtual reality
or an augmented reality system. For example, upon a
positive target identification, the virtual reality or an aug-
mented reality system can to vary the field-of-view pre-
sented to the user (e.g., shift, zoom in, zoom out, or rotate
the displayed image, to create an illusion of motion). This
can be done automatically without intervention of a periph-
eral device such as a joystick or the like. The identified target
can be a virtual object displayed by the virtual or augmented
reality system. When the method is employed in an aug-
mented reality system the target can be a real object in the
scene displayed by the augmented reality system.

[0172] Reference is now made to FIG. 18 which is a
schematic illustration of a system 30 for classifying an
image, according to some embodiments of the present
invention. System 30 comprises a data processor 32, a
display 40 communicating with data processor 32, and a
neurophysiological signal collection system 44. System 30
can be used for executing any of the operations, e.g., all the
operations of the method described above. System 30 can be



US 2018/0089531 A1

a stationary target identification system, or be, or combined
with, a mobile system, such as, but not limited to, a virtual
reality system of augmented reality system.

[0173] Data processor 32, typically comprises an input/
output (I/0) circuit 34, a data processing circuit, such as a
central processing unit (CPU) 36 (e.g., a microprocessor),
and a memory 46 which typically includes both volatile
memory and non-volatile memory. I/O circuit 34 is used to
communicate information in appropriately structured form
to and from other CPU 36 and other devices or networks
external to system 30. CPU 36 is in communication with I/O
circuit 34 and memory 38. These elements can be those
typically found in most general purpose computers and are
known per se.

[0174] A display device 40 is shown in communication
with data processor 32, typically via 110 circuit 34. Data
processor 32 issues to display device 40 graphical and/or
textual output images generated by CPU 36. A keyboard 42
is also shown in communication with data processor 32,
typically /O circuit 34.

[0175] Itwill be appreciated by one of ordinary skill in the
art that system 30 can be part of a larger system. For
example, system 30 can also be in communication with a
network, such as connected to a local area network (LAN),
the Internet or a cloud computing resource of a cloud
computing facility.

[0176] Neurophysiological signal collection system 44
optionally and preferably communicates with data processor
32 and is configured for collecting neurophysiological sig-
nals from a brain of an observer as further detailed herein-
above,

[0177] In some embodiments of the invention data pro-
cessor 32 of system 30 is configured for applying a computer
vision procedure to the image to detect therein image
regions suspected as being occupied by the target, thereby
providing a set of candidate image regions, for presenting to
an observer 50, by display 40, each candidate image region
48 as a visual stimulus, for processing the neurophysiologi-
cal signals received from system 36 to identify a neuro-
physiological event indicative of a detection of a target 52 by
observer 50, and for determining an existence of target 52 in
the image based, at least in part, on the identification of the
neurophysiological event, as further detailed hereinabove.
[0178] In some embodiments of the invention system 30
communicates with a cloud computing resource (not shown)
of a cloud computing facility, wherein the cloud computing
resource is configured for applying a computer vision pro-
cedure to the image to detect therein image regions sus-
pected as being occupied by the target, thereby providing a
set of candidate image regions, for presenting to an observer
50, by display 40, each candidate image region 48 as a visual
stimulus, for processing the neurophysiological signals
received from system 36 to identify a neurophysiological
event indicative of a detection of a target 52 by observer 50,
and for determining an existence of target 52 in the image
based, at least in part, on the identification of the neuro-
physiological event, as further detailed hereinabove.
[0179] The method as described above can he imple-
mented in computer software executed by system 30. For
example, the software can be stored in of loaded to memory
38 and executed on CPU 36. Thus, some embodiments of the
present invention comprise a computer software product
which comprises a computer-readable medium, more pref-
erably a non-transitory computer-readable medium, in
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which program instructions are stored. The instructions,
when read by data processor 32, cause data processor 32 to
execute the method as described above.

[0180] Alternatively, the computation capabilities of sys-
tem 30 can be provided by dedicated circuitry. For example,
CPU 30 and/or memory 46 can be integrated into dedicated
circuitry configured for applying a computer vision proce-
dure to the image to detect therein image regions suspected
as being occupied by the target, thereby providing a set of
candidate image regions, for presenting to an observer 50,
by display 40, each candidate image region 48 as a visual
stimulus, for processing the neurophysiological signals
received from system 36 to identify a neurophysiological
event indicative of a detection of a target 52 by observer 50,
and for determining an existence of target 52 in the image
based, at least in part, on the identification of the neuro-
physiological event, as further detailed hereinabove.
[0181] As used herein the term “about” refers to £10%.
[0182] The word “exemplary” is used herein to mean
“serving as an example, instance or illustration.” Any
embodiment described as “exemplary” is not necessarily to
be construed as preferred or advantageous over other
embodiments and/or to exclude the incorporation of features
from other embodiments.

[0183] The word “optionally” is used herein to mean “is
provided in some embodiments and not provided in other
embodiments.” Any particular embodiment of the invention
may include a plurality of “optional” features unless such
features conflict.

[0184] The terms “comprises”, “comprising”, “includes”,
“including”, “having” and their conjugates mean “including
but not limited to”.

[0185] The term “consisting of” means “including and
limited to™.
[0186] The term “consisting essentially of” means that the

composition, method or structure may include additional
ingredients, steps and/or parts, but only if the additional
ingredients, steps and/or parts do not materially alter the
basic and novel characteristics of the claimed composition,
method or structure.

[0187] As used herein, the singular form “a”, “an” and
“the” include plural references unless the context clearly
dictates otherwise. For example, the term “a compound” or
“at least one compound” may include a plurality of com-
pounds, including mixtures thereof.

[0188] Throughout this application, various embodiments
of this invention may be presented in a range format. It
should he understood that the description in range format is
merely for convenience and brevity and should not be
construed as an inflexible limitation on the scope of the
invention. Accordingly, the description of a range should be
considered to have specifically disclosed all the possible
subranges as well as individual numerical values within that
range. For example, description of a range such as from 1 to
6 should be considered to have specifically disclosed sub-
ranges such as from 1 to 3, from I to 4, from 1 to 5, from 2
to 4, from 2 to 6, from 3 to 6 etc., as well as individual
numbers within that range, for example, 1, 2, 3, 4, 5, and 6.
This applies regardless of the breadth of the range.

[0189] Whenever a numerical range is indicated herein, it
is meant to include any cited numeral (fractional or integral)
within the indicated range. The phrases “ranging/ranges
between” a first indicate number and a second indicate
number and “ranging/ranges from” a first indicate number
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“to” a second indicate number are used herein interchange-
ably and are meant to include the first and second indicated
numbers and all the fractional and integral numerals ther-
ebetween.

[0190] It is appreciated that certain features of the inven-
tion, which are, for clarity, described in the context of
separate embodiments, may also be provided in combination
in a single embodiment. Conversely, various features of the
invention, which are, for brevity, described in the context of
a single embodiment, may also be provided separately or in
any suitable subcombination or as suitable in any other
described embodiment of the invention. Certain features
described in the context of various embodiments are not to
be considered essential features of those embodiments,
unless the embodiment is inoperative without those
dements.

[0191] Various embodiments and aspects of the present
invention as delineated hereinabove and as claimed in the
claims section below find experimental support in the fol-
lowing examples.

EXAMPLES

[0192] Reference is now made to the following examples,
which together with the above descriptions illustrate some
embodiments of the invention in a non limiting fashion.

Example 1

Prototype System

[0193] Despite considerable advances in computer vision,
the capabilities of the human visual-perceptual system still
surpasses even the best artificial intelligence systems, espe-
cially as far as its flexibility, learning capacity, and robust-
ness to variable viewing conditions. Yet when it comes to
sorting through large volumes of images, such as X-ray
images of baggage screening or medical images, images of
suspects from surveillance cameras, or satellite aerials,
humans 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.
[0194] This example describes a prototype system that
implements the above task. All kinds of visual data including
stills images and videos can be fed into the system. First, the
images are processed by computer vision based analysis to
detect potential regions of interest and to divide the images
into small tiles whose size is optimized for human visual
perception. Then the tiles of interest are presented at high
adjustable rate to the human observer. The observer’s brain
responses are recorded using EEG and transferred to the
processing unit where the brain responses are classified in
real time. By combining classification scores from computer
vision analysis and from human brain responses, the system
detects images containing targets and presents them in real
time to the end user.

[0195] FIGS. 1A-C are block diagrams describing an
image classification system, according to some embodi-
ments of the present invention. At least one of the modules
in FIGS. 1A-C is optional.
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Computer Vision Module

[0196] The Computer vision module is optionally and
preferably used to initially screen the input images and
identify regions potentially containing targets or objects of
interest, and/or regions that definitely do not contain targets
or objects of interest. Images or parts of images with target
probability below a pre-selected adjustable threshold will
not be presented to the human observer to reduce the total
inspection time. Images with target probability above the
threshold are optionally and preferably divided into small
tiles which size is adapted (e.g., optimized) for human visual
perception. The division is optionally and preferably done in
a way that includes the detected regions of interest, so as to
assist the human observer to detect and inspect it faster.

[0197] The computer vision module is based on a com-
puter vision classifier that is realized using one of the
algorithms described below or their combination.

[0198] The score obtained by computer vision classifier
may be combined with the score obtained by the brain
responses classifier (see below) to yield higher total classi-
fication result.

[0199] Bag Of Visual Words

[0200] The algorithm can be based on Ref [1 ]. The image
is optionally and preferably represented as “bag” of visual
words, for example, patches that are described by a certain
descriptor.

[0201] Keypoints in the image can be detected using
Speeded up Robust Features (SURF) detector and described
as feature vector. FIGS. 2A and 2B are examples of the
descriptors extracted from aerial image of river with objects.

[0202] The image can then be described by the final
number of features (clusters) to construct the “dictionary” of
visual words. This is optionally and preferably performed
using the unsupervised learning method of cluster analysis,

such as, but not limited to, k-Means, fuzzy K-means or the
like.

[0203] Each keypoint in the image can be matched to the
closest visual word in the constructed dictionary. Count of
visual words in the image constitutes the feature vector that
is used in the training stage. Words are weighted based on
their appearance frequency in the image.

[0204] A number of classifiers can be trained using the
feature vector above. Classifiers can be selected from the
group consisting of SVM, Adaboost, Naive Bayes. To
improve the classification result, classifiers scores may
optionally and preferably be combined to yield multiexpert
decision.

[0205] FIGS. 3A and 3B indicate the detected regions of
interest in aerial image of river with objects using this
algorithm.

[0206] Feature Extraction with a Sparse Autoencoder and
Convolution
[0207] To train the feature extraction module, the images

are used for unsupervised feature learning by an autoen-
coder. Small n-by-n patches are extracted, optionally and
preferably randomly, from the images and each patch is

concatenated to form a column vector, 71. with n” elements.
Each vector is optionally and preferably passed through a
two-layer neural network. The output of the first layer is

?i:g(W(l)VﬁFl), where
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g =

l4e=’

The matrix W and the vector B, have dimensions m-by-n
and m-by-1, respectively. Optionally and preferably m<n.

The vector U, can be passed through the second layer so that
the output is ?i:g(W(z)-Tfﬁ_b)z), where the dimensions of
W® and b, are n-by-m and n-by-1, respectively. The
network can be trained, for example, by finding a parameter

set (W, b, W?, B) that minimizes a cost function.
[0208] A cost function suitable to any one of the embodi-
ments of the present invention is

J(W(l),- ?1: e, Fz):JMSE*' r'eg+ﬁ]dparse
[0209] The first term of the cost function corresponds to

the mean-square-error, J,o;=2, | Y% -V A where N, is the
number of patches. The second term is the regulanzatlon
cost, J,,. =2 -(Wij(l))2+2ij(Wij(2))2. The third term is a spar-

sity cost,

-p
Laparse plo (1- p)lo ]
e Z g( ] Pj

where p is a fixed pre-defined parameter and

where u,(j) is the j-th element of u,.

[0210] After the network has been trained, the W b ,and
can be used for feature extraction. The rows of W are
optionally and preferably reshaped to form a set of m n-by-n
filters, {w'™™},_™. An image P can then be filtered by
convolution with these filters to obtain a set of m filtered
images, Q¥=g(w'"xP+b(i)). The dimensions of each fil-
tered image are then optionally and preferably reduced by
pooling. The set of pooled images can be concatenated to

form as single feature vector, X. The set of feature vectors
from the training images, optionally and preferably together
with their labels, can be used to train a classifier.

Image Presentation Module

[0211] The images for presentation to human observer are
arranged based on at least one of the following:

[0212] (a) Images preselected by the Computer Vision
Module.
[0213] (b) Images whose classification score is interme-

diate and does not enable for deterministic decision whether
they include target or not are optionally and preferably
presented again to the observer and a new score is combined
with the previously available score.

[0214] (c) Images returned for re-presentation by the Pre-
processing Module (for example, images that were pre-
sented while eye blink or EEG artifact occurred).
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[0215] (d) Images that are pre-classified that are displayed
to the observer in order to allow measurement of accuracy
levels, fatigue and alertness throughout the session (see
below).

[0216] Theimages are optionally and preferably presented
to the user in RSVP (Rapid Serial Visual Presentation) at a
high rate that is determined based on one or more of the
following: application needs, urgency, user fatigue. The rate
may vary (but not limited to) from 1 Hz to 20 Hz. During the
RSVP presentation the attention level, or mental fatigue of
the user is optionally and preferably monitored using the
following method:

[0217] Mental fatigue is optionally and preferably defined
as a state of cortical deactivation, which reduces mental
performance and decreases alertness. The major symptom of
mental fatigue is a general sensation of weariness, feelings
of inhibition, and impaired activity due to low levels of
attention and concentration. The system optionally and
preferably measures fatigue using a unique combination of
electrophysiological markers and performance assessment
on pre-classified trials. Real time spectral analyses of the
EEG signal to monitor the ratio of slow wave to fast wave
EEG activities over time. A representative example of such
a ratio is (theta+alpha)/beta. An increase in this ratio indi-
cates an increase in fatigue levels. In addition, muscle tone
and the amount and waveform of blinks can also indicate
fatigue, and these can be measured using the electrodes on
the EEG cap. Pre-classified trials, in which the identity of the
images is known, are entered into the RSVP stream so that
the accuracy of the EEG classification can be assessed
automatically during real time task performance. A combi-
nation of these measures can be used, such that more
pre-classified trials can be entered into the stream when the
ratio [e.g., (theta+alpha)/beta] crosses some threshold.
[0218] Once fatigue is detected, longer breaks can be
automatically initiated by the task, along with a verbal or
visual reminder to get up and move around, go to the
bathroom or rest. A report of the fatigue measures is option-
ally and preferably generated to provide information regard-
ing the optimal amount of time an analyst should spend
doing the task, or which times of the day are optimal for each
analyst.

[0219] The performance measures can also be used to
gamify the task. Every few minutes, the analyst can be asked
a (predefined) quantitative question regarding the task (e.g.,
how many targets he counted). In blocks of images where
pre-classified images were inserted, the answer is known and
points are awarded for accurate answers. These points can be
accumulated over sessions as a personal score for personal
rewards or as a competitive score against other analysts
performing similar tasks.

Data Acquisition Module

[0220] Neurophysiological data, such as, but not limited
to, EEG data, is collected from a multitude of channels,
optionally and preferably simultaneously, and optionally and
preferably at a high temporal resolution. The EEG data can
be obtained using commercially available EEG acquisition
systems. One of such systems can be Active 2 system
(BioSemi, the Netherlands) using 64 sintered Ag/AgCl
electrodes. Additional electrodes can be placed at one or
more, optionally and preferably all, of the follows locations:
two on the mastoid processes, two horizontal EOG channels
positioned at the outer canthi of the left and right eyes



US 2018/0089531 A1

(HEOGL and HEOGR, respectively), two vertical EOG
channels, one below (infraorbital, VEOGI) and one above
(supraorbital, VEOGS) the right eye, and a channel on the
tip of the nose. Additional system can be Electrical Geode-
sics Inc. GES400 system with 64 electrodes set.

[0221] The data can be sampled at a sampling rate of, for
example, 256 Hz with a low-pass filter of, for example, 51
Hz to prevent aliasing of high frequencies. Preferably on-
line filtering is employed. Other sampling rates and cutoff
frequencies for filtering are also contemplated. The data can
be streamed to the preprocessing module using, for example,
TCP link.

Preprocessing Module

[0222] The advantage of preprocessing is that it allows
flexible real-time feedback or interaction, by identifying task
related brain responses in single trials, and categorizing
them into the associated brain states.

[0223] EEG data is received from the Acquisition module,
optionally and preferably in real time, in blocks of adjustable
size. The preprocessing module includes the following
stages which are optionally and preferably performed
sequentially on the entire block to allow real time operation:

[0224] (a) Filtering. The data is band pass filtered, for
example, in the range of 0.1-30Hz, but other frequency
bands are also contemplated, to remove slow drifts and high
frequency interferences.

[0225] (b) Denoising. To raise the probability of classifi-
cation success, the brain responses data is optionally and
preferably additionally denoised using wavelet analysis or
other method.

[0226] (c) Eyeblink detection and removal
[0227] (d) Artifacts rejection
[0228] (e) Data segmentation. The data is segmented to

one-second event-related segments starting, for example,
100 ms prior to and ending, for example, 900 ms after the
onset of each image presentation. Other timings for the
segmentation are also contemplated.

[0229] (f) Baseline correction. The mean activity is aver-
aged, for example, over 100 ms prior to stimulus onset for
each trial and channel independently. Other time period for
averaging are also contemplated.

[0230] The preprocessed single trial brain responses are
optionally and preferably arranged in spatiotemporal data
matrices for the representation of single trial brain activity
ready for the subsequent classification.

Training Procedure

[0231] The system is optionally and preferably trained
individually for each user and learns the brain responses in
order to enable real-time brain wave classification. The
training can be performed by presenting pre-classified
images to the user, using EEG electrodes to recording the
brain responses to these images and using the recorded brain
activity to train the EEG classifier. The image training set
optionally and preferably contain both target and non-target
images.

[0232] When classifying new images, a classifier that was
trained on a different day can be used. Once the classifica-
tion of the new images is verified, they can be used to
improve the classifier by adding them to the training set.
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Classification Module

[0233] The classification module receives spatiotemporal
EEG data and classifies the brain responses based on one or
more of the following methods SWFP (Spatially Weighted
FLD-PCA) classifier, Deep convolutional net classifier and
Multiple classifiers.

[0234] SWEP Classifier
[0235] 1) Stage I:
[0236] a) Classify time points independently to compute a

spatiotemporal matrix of discriminating weights (U). To
implement this, take each column vector xn,t of the input
matrix Xn; Each column represents the spatial distribution
of EEG signals at time t, and at this step of analysis all time
points are treated independently. Train a separate FLD
classifier for each time point t=1 .. . T, based on all n=1 . .
. N trials in the training set, to obtain a spatial weight vector
wt for each time point t. Set these weights vectors as the
columns of the spatiotemporal weighting matrix U. The
dimensions of U are the same as the dimensions of X.

[0237] b) Use this weighting matrix U to amplify the
original spatiotemporal data matrix (Xn) by the discriminat-
ing weights at each spatiotemporal point, creating the spa-
tially-weighted matrix Xwn. To implement this amplifica-
tion, compute the Hadamard product of the trial input matrix
Xn and the weighting matrix U, by element-wise multipli-
cation of the two matrices.

Xwn=UxXn(Xwn)t,d=(U),d-(Xn)td, =1 ... T, d=1.
.. D 68}

[0238] c) For dimensionality reduction of Xwn, use PCA
on the temporal domain, for each spatial channel d inde-
pendently, to represent the time series data as a linear
combination of only K components. PCA is applied inde-
pendently on each row vector xd, d=1 . . . D of the spatially
weighted matrix Xwn, following mean subtraction. For each
roved, this provides a projection matrix Ad of size TxK,
which is used to project the time series data of channel d on
the first K principal components; thus reducing dimensions
from T to K per channel. K=6 was empirically chosen to
explain >70% variance in Experiment 1. The resulting
matrix "Xn is of size DxK, where each row d holds the PCA
coeflicients for the K principal temporal projections.

"xd n=xdAd. 2)
[0239] 2) Stage II:
[0240] a) Concatenate the rows of the matrix "Xn to create

a feature representation vector zn, representing the tempo-
rally approximated, spatially weighted activity of the single
trial n.

zn=["1n . .. "xDn]. 3)

[0241] b) Train and run an FLD classifier on the feature
vectors {zn}Nn=1 to classify the single-trialmatrices Xn
into one of two classes (using zero as the decision bound-
ary).

yn=fzn). )

[0242] The most discriminative response latency is
optionally and preferably defined as the latency t for which
the highest percent correct classification was achieved in
step l.a. The associated discriminative spatial activation
pattern is given by U(t).
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[0243] Deep Convolutional Neural Network Classifier
(Deep Learning)

[0244] In these embodiments the classifier is designed as
a deep convolutional neural network. It receives the EEG
signal as a matrix with dimensions N, xN, (N, ., and N,
are the numbers of EEG channels and time points, respec-
tively) and produces a score, O=p=1, which is an estimate of
the probability that the presented stimulus was a target. The
network can be trained using stochastic gradient descent
(SGD) to minimize the logistic regression cost function.
[0245] The network structure is optionally and preferably
as follows (see FIG. 4):

[0246] 1. A dropout layer, preferably with a 0.2 dropout
ratio.
[0247] 2. A convolution layer (Conv1), preferably with

96 convolution kernels of size N, , x1 (these kernels
perform spatial filtering for every time point).

[0248] 3. ARelLU-nonlinearity layer (the input is passed
through a function f(x)=max(x,0).)

[0249] 4. A max-pooling layer (Pooll), preferably with
pooling kernel size 1x3 and a stride of 2.

[0250] 5. A second convolution layer (Conv2), prefer-
ably with 128 kernels of size 1x6 (temporal filtering).

[0251] 6. A second ReL.U-nonlinearity layer.
[0252] 7. A second max-pooling layer (Pool2), prefer-
ably with pooling kernel size 1x3 and a stride of 2.
[0253] 8. A third convolution layer (Conv3), preferably
with 128 kernels of size 1x6.

[0254] 9. A third Re[.U-nonlinearity layer.

[0255] 10. A fully-connected layer (FC1), preferably
with 2048 outputs (the input to this layer is reshaped

into a column vector v and the output is v where the
matrix w has 2048 rows).

[0256] 11. A fourth ReLU-nonlinearity layer

[0257] 12. A second dropout layer, preferably with a 0.5
dropout ratio.

[0258] 13. A second fully-connected layer (FC2), pref-
erably with 4096 outputs.

[0259] 14. A fifth Re[.U-nonlinearity layer

[0260] 15. A third dropout layer, preferably with a 0.5
dropout ratio

[0261] 16. A logistic regression layer, that computes p
according to a logistic regression function, such as, but
not limited to:

where X is the input vector to this layer and ] ,and ?0 are
the layer parameter vectors.

[0262] The SCID training process is optionally and pref-
erably performed with a learning rate of 0.001 and 0.9
momentum. Other rates and momenta are also contemplated.
The training set can be modified to include the same number
of “target” and “non-target” samples by bootstrapping the
class with smaller number of samples to match the size of
the larger class.

[0263] Multiple Classifiers

[0264] To benefit from both the SWFP and the deep
convolutional net classifiers, the overall score of an image
can optionally and preferably be a combination of the scores
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it receives from both classifiers. The SWFP algorithm
employs FLD for classification, therefore the scale of the
scores that this algorithm produces depends on the specific
training data whereas the deep net classifier uses logistic
regression and hence always produces scores in the region
[0,1]. To make the scores comparable, the SWEP score,
henceforth denoted as X, is optionally and preferably
resealed. For example, Gaussian functions from the training
data can be use to fit the conditional probabilities
Pr(xz; ply=n1), where y is the image label and n=0.1 for non
target and target images, respectively:

g
A . L 202
Pn(XFLp) = Prixep | Y = 1 tn, 0) = ——e 7

Var o,

[0265] The normalized FLD score, X.;,, can then be
defined as Pr(y=11Xz; ). From Bayes’ formula one has:

Pr(y =1|xpp) =

Prixpp ly=1)-Priy=1)
Prixpp | y=0)-Pr(y=0) + Prixprp | y = 1)-Priy = 1)

[0266] In some embodiments of the present invention the
prior probabilities Pr(y=n) are substituted as

1
Pry=n)= 3

A fitted Gaussian functions can be used to yield the nor-
malized FLD score:

A p1(xFp)
0 po(arLp) + p1larin)
[0267] Alternatively, the prior probabilities can be esti-
mated.
[0268] The overall score of the image can be the average

of X » and the deep net classifier score. The ROC (FIG. 5)
demonstrates the advantage of using combination of two
classifiers.

Analysis Module

[0269] The Analysis module executes a method of analy-
sis. A block diagram of the method executed by the Analysis
module according to some embodiments of the present
invention is illustrated in FIG. 6. The Analysis module
receives image classification scores from the EEG classifi-
cation module and from the computer vision module and
performs one or more of the following activities.

[0270] Determine, based on the pre-selected score thresh-
old, whether additional presentation of the image is required
to improve the level of certainty before making the decision.
The system optionally and preferably allows images that are
ambiguously classified to be re-inserted into the queue of
images to be shown to the user for another look. To quantify
the ambiguousness of two or more classification Gaussian
functions, gq(X;1e,0,) and g,(x;u,,0,), are used to fit the
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distributions of scores given by the classifier to the “target”
and “non-target” training example, respectively. When a
new image arrives, its score, s, is optionally and preferably
normalized to a §€[0,1] by

&1(s)

§= ——.
&1(8)+gols)

[0271] When

is smaller than an ambiguity threshold, T,,,,, the image is
optionally and preferably returned to the queue for addi-
tional presentation. The threshold T, can be adjusted by
the user according to the requirements of the task.

[0272]  After the score from the additional image presen-
tation has been obtained, the decision is done, optionally and
preferably based on voting on the EEG classification scores
from all image presentations and Computer vision classifi-
cation score of these images.

Neurofeedback Module

[0273] In various exemplary embodiments of the inven-
tion the Neurofeedback module is incorporated in the train-
ing procedure. Following the initial training of the classifier,
the subsequent classification results are fed back to the user
following every stimulus, as positive feedback for correct
classification (Hits) and negative feedback for incorrect
classification (False Alarms) [binary feedback], or as feed-
back of the classifier score [non binary feedback]. The user
consequently learns how to change his/her brain responses
to the stimuli as to improve the classifier’s performance by
aiming to increase the amount of positive feedback and
reduce the amount of negative feedback. The learning pro-
cess can be implicit, such that the user cannot describe
explicitly what he/she is doing to improve the feedback he
is receiving or explicit by having the user apply a cognitive
or emotional strategy which will improve the feedback.
Once the user succeeds in improving the classifier’s results,
the process is reiterated: new classification parameters are
learnt, and again feedback is given to the user and so forth.
This closed-loop process is intended to improve the accu-
racy of the classifier by iteratively refining the classifier’s
accuracy and the compatibility of the user’s brain responses
with the classifier’s learnt assumptions. Moreover, by adapt-
ing his/her brain responses to improve the system’s classi-
fication, the user’s image interpretation skills are also
improved, as he/she implicitly learns what the system con-
siders a target and not a target.

Results Presentation Module

[0274] The system of the present embodiments can present
the results in more than one way. Two examples are
described below.

Example 1

Album

[0275] To classify a stack of individual images (e.g. X-ray
images of baggage or medical images) the system of the
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present embodiments can arrange the images in an album
(see representative screen shot in FIG. 7). Every image is
given a score by the EEG classifier. The images are of the
present embodiments sorted by their scores. In some
embodiments of the present invention only images whose
scores exceed a certain threshold Tare presented on the
screen and classified as targets. The threshold T can be
adjusted by the user in real time.

Example 2

Spatial “Heat Map”

[0276] For large images such as maps, satellite footage or
aerial footage, it is beneficial to use the system of the present
embodiments for generating a heat map (see representative
screen shot in FIG. 8). In these embodiments the image is
dissected to tiles with an overlap between adjacent tiles both
in the x and y directions. The overlap is optionally and
preferably such that a fraction p of the tile is shared with the
adjacent tile, where the fraction p is larger than some
fraction threshold (e.g., p>0.5 but other values for the
fraction threshold are also contemplated). Each tile can be
divided to n=(1-p)~? parts so that each part also appears in
n-1 other different tiles. For example, for a 50% overlap one
has p=0.5, and each tile can be divided into quarters that also
appear in 3 other tiles. The heat map is then embodied as a
matrix Q such that every matrix-element ¢, corresponds to
an n-th of a tile.

[0277] To generate the spatial heat map, a score is calcu-
lated for every n-th of a tile, where the score is the average
score of all tiles that contain this n-th. Thereafter a threshold
T is selected as q; is set as:

S;J—T 0
=P sy -1

b

[0278] Once the heat map Q is computed, points with
values higher than a second threshold, T,,,;, are optionally
and preferably marked as potential targets. Additional poten-
tial targets can be located by searching for local maxima of
the heat map with values higher than a threshold T,,.<T_;,;.
For every location marked as a potential target, the tiles that
contain it are optionally and preferably identified and
marked as targets. The thresholds T,;,, and T,,. can be
modified on line by the user.

Example 2

X-Ray/CT Images

[0279] X-Ray/CT images of baggage or cargo, and medi-
cal X-Ray/CT images can be inspected using the system of
the present embodiments. The prototype system described in
Example 1 was successfully used to classify X-Ray images
of airport checkpoint baggage to detect images containing
threats (firearms and sharp objects). Following are the
results of the experiment.
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Brain Responses: ERP—FEvent Related Potentials and
Spatial Distributions

[0280] FIG. 9A shows the average brain response (ERP) to
targets and non-targets at one of the EEG electrodes (Pz).
FIG. 9B presents the distribution of electrical potentials on
the head 400-800 milliseconds after image presentation.
Reddish colors indicate high energy which is useful for
classification.

[0281] FIGS. 10A and 10B demonstrate the difference
between brain responses to single images of Targets and
Non-Targets measured at electrode Pz:

Scores Distribution

[0282] Every image was assigned with a classification
score. FIG. 11 demonstrates scores distribution of the test
phase dataset. The bags containing threats yielded overall
higher classification scores than the innocent bags.

System Performance

[0283] By selecting the threshold on the classification
score the images that are classified as threats and the images

Mar. 29, 2018

% of Bags
Scenario Threshold Hits FAs flagged
~90% hit rate -0.3936 88.9% 10.9% 20%
0% Misses -0.72 100% 28.9% 37%
0% FAs 0.11 66.7% 0% 7.5%
25% Bags opening -0.5 92.6% 16.6% 25%
Example 3

Aerial Images

[0287] The system of the present embodiments can be
used to interpret aerial images and detect targets or objects
of interest. The prototype system described in Example 1
was successfully tested to detect buildings in aerial image of
100 square kilometers. The table below summarizes the
percentage of hits/false alarms/d' in this task, where the
images were presented at rates of 5 Hz (2 sessions) and 10
Hz (4 sessions) for one subject.

Repetitions Number
of Number of
each of Non
subject session Hz Day  stimuli  Targets Targets  Hits FAs d
101 1 5 1 2 606 9284  884% 18.5% 2.09
2 5 1 2 663 8195  87.0% 259% 1.78
3 10 1 2 664 8225 849% 35.0% 1.42
4 10 1 2 606 9253  847% 21.4% 181
5 0 2 4 1212 18557  87.5% 9.6% 2.45
6 0 2 4 1330 16428 832% 17.7% 1.89
102 1 5 1 2 603 9246 879% 149% 221
2 5 1 2 652 8134 86.4% 23.3% 1.82
3 10 1 2 605 9212 853% 205% 1.87
4 10 1 2 644 8005 83.5% 322% 144
5 0 2 4 1315 16140  809% 14.6% 193
6 0 2 4 1141 17374 81.8% 6.5% 242
that are innocents are determined Based on a given operating [0288] FIGS. 14A and 14B demonstrate the difference

scenario, the threshold can be set to allow optimal trade-off
between hits and false alarms, or be set to ensure, for
example, 0% Misses or 0% False Alarms.

[0284] The Receiver Operating Characteristic (ROC)
curve shown in FIG. 12 illustrates the performance of the
classifier at different thresholds.

[0285] A different version of the same data (FIG. 13)
shows how increasing or decreasing the threshold affects the
hit and false alarm rates.

[0286]
a useful tool to determine what baggage should be chosen

The system of the present embodiments can also be

for selective opening to achieve specific accuracy. For
example, based on the above results, if the threshold were set
to ensure 100% threat detection, the system flags about 37%
of the bags for opening. To detect close to 90% of the threats,
about 20% of the bags are flagged for opening. Or, with a
setting requiring no false alarms at all (at the cost of
detecting only 25 of the targets), the system flags about 7.5%
of bags (all of which includes targets). The table below
summarizes some of the operating points.

between brain responses to single images of Targets and
Non-Targets measured at electrode Pz.

[0289] FIGS. 15 and 16 show the average brain response
(ERP) to targets and non-targets at one of the electrodes (Pz)
and the distribution of electrical potentials on the head
400-800 milliseconds after image presentation. Reddish
colors indicate high energy which is useful for classification.

Example 3

Face Detection

[0290] The prototype system described in Example 1 was
successfully tested to detect images of certain person face
among other faces images.

[0291] Although the invention has been described in con-
junction with specific embodiments thereof, it is evident that
many alternatives, modifications and variations will be
apparent to those skilled in the art. Accordingly, it is
intended to embrace all such alternatives, modifications and
variations that fall within the spirit and broad scope of the
appended claims.

[0292] All publications, patents and patent applications
mentioned in this specification are herein incorporated in



US 2018/0089531 A1

their entirety by reference into the specification, to the same
extent as if each individual publication, patent or patent
application was specifically and individually indicated to be
incorporated herein by reference. In addition, citation or
identification of any reference in this application shall not be
construed as an admission that such reference is available as
prior art to the present invention. To the extent that section
headings are used, they should not be construed as neces-
sarily limiting.
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1. A method of classifying an image, comprising:
applying a computer vision procedure to the image to
detect therein candidate image regions suspected as
being occupied by a target;
presenting to an observer each candidate image region as
a visual stimulus, while collecting neurophysiological
signals from a brain of said observer;
processing said neurophysiological signals to identify a
neurophysiological event indicative of a detection of
the target by said observer; and
determining an existence of said target in the image is
based, at least in part, on said identification of said
neurophysiological event.
2. The method according to claim 1, further comprising
tiling the image into a plurality of image tiles, wherein at
least one tile encompasses a candidate image region, and
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wherein said presenting each candidate image region com-
prises presenting said at least one tile.

3. The method according to claim 1, further comprising
assigning to the image a neurophysiological detection score,
wherein said determining said existence of said target in the
image is based, at least in part on said neurophysiological
detection score.

4. The method according to claim 3, further comprising
assigning a computer detection score to the image using said
computer vision procedure, wherein said determining said
existence of said target in the image is based on both said
computer detection score and said neurophysiological detec-
tion score.

5. The method according to claim 4, further comprising,
for at least one image region or group of image regions,
comparing said computer detection score to said neurophysi-
ological detection score, and re-presenting said at least one
image region or group of image regions to said observer
based on said comparison.

6. The method according to claim 1, further comprising
processing said neurophysiological signals to identify eye
blinks, and re-presenting an image region or a group of
image regions to said observer in response to a positive
identification of said eye blink during previous presentation
of said image region or group of image regions.

7. (canceled)

8. The method according to claim 1, further comprising
repeating said presentation and said identification of said
neurophysiological event for at least one image region of
said set, comparing said identification to a previous identi-
fication of said at least one image region, and determining a
neurophysiological state of said observer based on said
comparison.

9. (canceled)

10. The method according to claim 1, further comprising
presenting to said observer a database image region con-
taining said target, processing said neurophysiological sig-
nals to identify a neurophysiological event indicative of a
detection of the target in said database image region by said
observer, and determining a neurophysiological state of said
observer based on said identification.

11. (canceled)

12. The method according to claim 1, further comprising
processing said neurophysiological signals to identify
muscle tonus, and re-presenting an image region or a group
of image regions to said observer in response to a positive
identification of said muscle tonus during previous presen-
tation of said image region or group of image regions.

13. (canceled)

14. A method of classifying an image, comprising;

applying a computer vision procedure to the image to

detect a target therein, and assigning a computer detec-
tion score to the image using said computer vision
procedure;

presenting the image to an observer as a visual stimulus,

while collecting neurophysiological signals from a
brain of said observer;

processing said neurophysiological signals to identify a

neurophysiological event indicative of a detection of
the target by said observer, and assigning to the image
a neurophysiological detection score, based on said
identification; and
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determining an existence of said target in the image based
on both said computer detection score and said neuro-
physiological detection score.

15. The method according to claim 14, further comprising
comparing said computer detection score to said neurophysi-
ological detection score, and re-presenting said image to
said observer based on said comparison.

16-17. (canceled)

18. The method according to claim 14, wherein said
neurophysiological signals comprise EEG signals, and
wherein the method comprises calculating a ratio of slow
wave EEG to fast wave EEG and determining a neurophysi-
ological state of said observer based on said ratio.

19-24. (canceled)

25. The method according to claim 1, wherein said
computer vision procedure employs clustering.

26. (canceled)

27. The method according to claim 1, wherein said
computer vision procedure employs neural networks.

28. (canceled)

29. The method according to claim 1, wherein said
collecting said neurophysiological signals is at a sampling
rate of at least 150 Hz.

30. (canceled)

31. The method according to claim 1, further comprising
applying a low pass filter to said collected neurophysiologi-
cal signals.

32. (canceled)

33. The method according to claim 1, wherein said
processing said neurophysiological signals comprises apply-
ing a Spatially Weighted Fisher Linear Discriminant
(SWFLD) classifier to said neurophysiological signals.

34. (canceled)

35. The method according to claim 1, wherein said
processing said neurophysiological signals comprises apply-
ing a convolutional neural network (CNN) classifier to said
neurophysiological signals.

36. (canceled)

37. The method according to claim 1, wherein said
processing said neurophysiological signals comprises:

applying a Spatially Weighted Fisher Linear Discriminant

(SWELD) classifier;
calculating a SWFLD classification score based on said
SWFLD classifier;

applying a convolutional neural network (CNN) classifier

to said neurophysiological signals;

calculating a CNN classification score based on said CNN

classifier; and

combining said SWFLD score and said CNN score.

38. (canceled)

39. The method according to claim 35, wherein said CNN
comprises a first convolution layer applying spatial filtering
for each of a plurality of time points characterizing said
neurophysiological signals, a second convolution layer
applying temporal filtering to outputs provided by said first
convolution layer, and a third convolution layer applying
temporal filtering to outputs provided by said second con-
volution layer.

40. (canceled)

41. The method according to claim 1, further comprising
presenting to said observer a feedback regarding said iden-
tification of said neurophysiological event.

42-44. (canceled)
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45. The method according to claim 1, being used in a
virtual reality system.

46. (canceled)

47. The method according to claim 1, being used in an
augmented reality system.

48. (canceled)

49. The method according to claim 45, further comprising
varying a field-of-view provided by said virtual reality or
augmented reality system, in response to said determination
of said existence.

50. (canceled)

51. A system for classifying an image, comprising:

a data processor configured for applying a computer
vision procedure to the image to detect therein image
regions suspected as being occupied by a target,
thereby providing a set of candidate image regions;

a display communicating with said data processor,
wherein said data processor is configured for presenting
to an observer, by said display, each candidate image
region as a visual stimulus; and

a neurophysiological signal collection system, communi-
cating with said data processor and being configured
for collecting neurophysiological signals from a brain
of said observer during said presentation and transmit-
ting said signals to said data processor;

wherein said data processor is configured for processing
said neurophysiological signals to identify a neuro-
physiological event indicative of a detection of the
target by said observer, and for determining an exis-
tence of said target in the image is based, at least in part,
on said identification of said neurophysiological event.

52-73. (canceled)

74. A method of classifying an image, comprising;

presenting the image to an observer as a visual stimulus,
while collecting neurophysiological signals from a
brain of said observer;

digitizing said neurophysiological signals to provide neu-
rophysiological data;

simultaneously processing the image and said neuro-
physiological data using a convolutional neural net-
work (CNN) to identify a correlation between a com-
puter vision detection of a target in the image and a
neurophysiological event indicative of a detection of
the target by said observer; and

determining an existence of said target in the image based
said identified correlation;

wherein said CNN comprises a first convolutional neural
subnetwork (CNS) configured for receiving and pro-
cessing said neurophysiological data, a second CNS
configured for receiving and processing the image, and
a shared subnetwork having a neural network layer
receiving and combining outputs from both said first
CNS and said second CNS.

75. The method according to claim 74, further compris-

ing:

assigning to the image a neurophysiological detection
score using at least said first CNS;

assigning to the image a computer detection score using
at least said second CNS;

comparing said computer detection score to said neuro-
physiological detection score; and

re-presenting said image to said observer based on said
comparison.

76-80. (canceled)
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81. The method according to claim 74, wherein said
neurophysiological signals comprise EEG signals, and
wherein the method comprises calculating a ratio of slow
wave EEG to fast wave EEG and determining a neurophysi-
ological state of said observer based on said ratio.

82. (canceled)

83. The method according to claim 74, wherein said
collecting said neurophysiological signals is at a sampling
rate of at least 150 Hz.

84. The method according to claim 74, further comprising
applying a low pass filter to said collected neurophysiologi-
cal signals.

85. The method according to claim 74, further comprising
presenting to said observer a feedback regarding said iden-
tification of said neurophysiological event.

86-104. (canceled)

* % % k¥
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