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METHOD AND SYSTEM FOR SEIZURE DETECTION

CROSS-REFERENCE TO RELATED APPLICATION
[0001] This application claims the benefit of priority of Singapore Patent Application
No. 102019011090, filed 8 February 2019, the content of which being hereby incorporated

by reference in its entirety for all purposes.

TECHNICAL FIELD
[0002] The present invention generally relates to a method for seizure detection and a

system thereof.

BACKGROUND

[0003] Epilepsy is a neurological condition involving the brain that makes people more
susceptible to having recurrent seizures. It is the fourth most frequent disorder of the
nervous system and affects people of all ages, races, and ethnic backgrounds. Worldwide,
more than 65 million people have this disorder and its exact cause may not be known. The
clinical symptoms of epileptic seizures might affect the motor, sensory, memory and
cognition of the patient. Epilepsy can be clinically diagnosed by examinations, such as
computed tomography (CT), magnetic resonance imaging (MRI), magneto-encephalogram
(MEG), positron emission tomography (PET) or electroencephalogram or
electroencephalography (EEG). Among these methods, EEG may be preferred due to
affordability and efficient temporal resolution. EEG provides direct measurements of the
electrical activity in the brain, and has been in clinical use for over 70 years. However,
monitoring EEG of a patient over several days is usually required for accurate diagnosis
and identification of epileptic seizures. This manual monitoring of EEG is tedious and time
consuming. In addition, the result of the interpretation in the same recording can vary from
different annotators. Thus, there exists a significant need for automated seizure detection
system that would help the long-term practice of EEG monitoring and treatment planning
for epilepsy patients.

[0004] In recent years, a variety of machine learning and bioengineering-based

methods have been applied for seizure detection from scalp EEG. Most of the studies
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employ manually-designed features that characterize seizure manifestations in EEG; most
methods rely on spectral information, whereas some of them employ the temporal
characteristics of seizures. However, epileptic seizures are non-stationary in nature with
seizure manifestations in EEG being extremely irregular, both within a patient over time
and between different patients. Consequently, finding the optimal features for seizure
detection s still a challenging as well as important problem.

[0005] Neural networks are computational approach inspired by the biological nervous
systems. They have been utilized in a wide range of applications including physiological
signal analysis of electromyogram, and EEG signals. For example, a deep neural network
may comprise several stacked layers of hidden layer neurons. Over the past decade, deep
neural learning, a sub-field of machine learning, has achieved remarkable success in
various artificial intelligence fields such as computer vision, pattern recognition, and
natural language processing. Indeed, features identified by deep learning models have often
proven to be more robust than hand-crafted features in various applications. Convolutional
Neural Networks (CNNs) are deep learning techniques inspired by the functioning of
animal visual cortex. They allow the extraction of higher-level features without human
intervention from the original input data, unlike most traditional machine learning
algorithms. However, deep neural networks such as CNNs are typically used as a static
model whose input feature is fixed-dimensional.

[0006] A need therefore exists for seizure detection that seek to overcome, or at least
ameliorate, one or more of the deficiencies in conventional seizure detection, such as to
improve accuracy and/or reliability. It is against this background that the present invention

has been developed.

SUMMARY
[0007] According to a first aspect of the present invention, there is provided a method
for seizure detection using at least one processor, the method comprising:
obtaining brain signal data of brain electrical activity of a subject;
processing the brain signal data using a deep neural network to obtain a first
processed output data of the brain signal data, the first processed output data indicating

one or more seizure events in the brain signal data;
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processing the first processed output data using a statistical model to obtain a
second processed output data of the brain signal data, wherein the statistical model is
configured to model transitions between the one or more seizure events and one or more
non-seizure events in the first processed output data of the brain signal data; and

determining the one or more seizure events based on the second processed output
data of the brain signal data.

[0008] According to a second aspect of the present invention, there is provided a
system for seizure detection, the system comprising:

a memory; and

at least one processor communicatively coupled to the memory and configured to:

obtain brain signal data of brain electrical activity of a subject;
process the brain signal data using a deep neural network to obtain a first
processed output data of the brain signal data, the first processed output data
indicating one or more seizure events in the brain signal data;
process the first processed output data using a statistical model to obtain a
second processed output data of the brain signal data, wherein the statistical
model is configured to model transitions between the one or more seizure events
and one or more non-seizure events in the first processed output data of the brain
signal data; and
determine the one or more seizure events based on the second processed
output data of the brain signal data.
[0009] According to a third aspect of the present invention, there is provided a
computer program product, embodied in one or more non-transitory computer-readable
storage mediums, comprising instructions executable by at least one processor to perform
a method for seizure detection, the method comprising:

obtaining brain signal data of brain electrical activity of a subject;

processing the brain signal data using a deep neural network to obtain a first
processed output data of the brain signal data, the first processed output data indicating
one or more seizure events in the brain signal data;

processing the first processed output data using a statistical model to obtain a

second processed output data of the brain signal data, wherein the statistical model is

3



10

15

20

25

30

WO 2020/162837 PCT/SG2020/050062

configured to model transitions between the one or more seizure events and one or more
non-seizure events in the first processed output data of the brain signal data; and
determining the one or more seizure events based on the second processed output

data of the brain signal data.

BRIEF DESCRIPTION OF THE DRAWINGS
[0010] Embodiments of the present invention will be better understood and readily
apparent to one of ordinary skill in the art from the following written description, by way
of example only, and in conjunction with the drawings, in which:

FIG. 1 depicts a schematic flow diagram of a method for seizure detection using at
least one processor according to various embodiments of the present invention;

FIG. 2 depicts a schematic block diagram of a system for seizure detection
according to various embodiments of the present invention, such as corresponding to the
method shown in FIG. 1;

FIG. 3 depicts an example computer system which the system for seizure detection
according to various embodiments of the present invention may be embodied in;

FIG. 4 illustrates a diagram of an exemplary seizure detection framework for
detecting seizure in a brain signal data according to various example embodiments of the
present invention;

FIG. 5A illustrates an exemplary architecture of a convolutional neural network
(CNN) which may be used for detecting seizure in the brain signal data according to various
example embodiments of the present invention;

FIG. 5B illustrates an exemplary graph of a Hidden Markov Model (HMM));

FIG. 5C illustrates an exemplary graph of a Conditional Random Field (CRF)
model;

FIG. 6 illustrates an exemplary diagram of brain signal data, CNN classification
output data (first processed output data) and post-processing data of the CNN classification
output data by statistical models (second processed output data);

FIG. 7A shows an exemplary graph illustrating sensitivity with respect to time
margin of seizure detection using a CNN and a Conditional Random Field (CRF) statistical

model;
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FIG. 7B shows an exemplary box plot for detection latencies;

FIG. 8 shows an exemplary graph illustrating the sensitivity vs. the false detection
rate (FDR) of the seizure detection framework according to various embodiments of the
present invention;

FIGS. 9A-9B illustrate exemplary spectrograms for seizure EEG segments and
non-seizure EEG segments, respectively; and

FIGS. 10A-10B illustrate exemplary scalograms for seizure EEG segments and

non-seizure EEG segments, respectively.

DETAILED DESCRIPTION

[0011] Various embodiments of the present invention provide a method (computer-
implemented method) and a system (including a memory and at least one processor
communicatively coupled to the memory) for seizure detection. In various embodiments,
a hybrid model for automatic seizure detection from brain signal data using a deep neural
network (or deep learning model) and a statistical model is provided. The deep neural
network may be facilitated with a dynamic temporal model to enable the deep neural
network to be applied to a dynamic signal sequence problem. In accordance with one
aspect, the statistical model may be used for post-processing output data from the deep
neural network. The statistical model may be configured to model transitions between
seizure events and non-seizure events of the output data of the deep neural network,
capturing the dynamics of the sequential data (output data of the deep neural network).
Accordingly, a determination of one or more seizure events in the brain signal data may be
made based on the processed output data obtained using the deep neural network and the
statistical model.

[0012] FIG. 1 depicts a schematic flow diagram of a method 100 (computer-
implemented method) for seizure detection using at least one processor according to
various embodiments of the present invention. The method 100 comprises obtaining (at
102) brain signal data of brain electrical activity of a subject; processing (at 104) the brain
signal data using a deep neural network or deep learning model to obtain a first processed
output data of the brain signal data (or first processed brain signal data), the first processed

output data indicating one or more seizure events in the brain signal data; processing (at
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106) the first processed output data using a statistical model to obtain a second processed
output data of the brain signal data (or second processed brain signal data), wherein the
statistical model is configured to model transitions between the one or more seizure events
and one or more non-seizure events in the first processed output data of the brain signal
data; and determining (at 108), the one or more seizure events based on the second
processed output data of the brain signal data.

[0013] In relation to 102, in various embodiments, the brain signal data comprises
electroencephalogram (EEG) signal data of the subject. For example, the brain signal data
may be an EEG signal dataset or recordings captured or acquired using an EEG device.
Electroencephalography is an electrophysiological monitoring method to record electrical
activity of the brain, which is typically non-invasive, with electrodes placed at various
positions along the scalp of the subject to measure voltage fluctuations resulting from ionic
current within the neurons of the brain. The brain signal data may be a multi-channel brain
signal data. It will be appreciated by a person skilled in the art that the present invention is
not limited to EEG signal dataset captured using an EEG device and that other
electrophysiological signal acquisition techniques known in the art may also be used to
obtain brain signal data relating to brain electrical activity of the subject.

[0014] In various embodiments, the brain signal data processed using the deep neural
network comprises spectral, temporal and spatial information in relation to the one or more
seizure events. In various embodiments, an image-based representation of the brain signal
data in the time-frequency domain may be further produced, wherein the above-mentioned
processing the brain signal data using a deep neural network comprises processing the
image-based representation to obtain the first processed output data. The image-based
representation may represent the brain signal data in both the time and frequency domains
simultaneously. The image-based representation may enable spectral, temporal and spatial
information existing in the one or more seizure events to be captured simultaneously. For
example, time-frequency images demonstrate the joint distribution information of time
domain and frequency domain of the original brain signal, which may provide abundant

information for seizure detection.
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[0015] In various embodiments, the image-based representation may be a spectrogram.
The spectrogram may be a visual representation of the brain signal in the time-frequency
domain using the short time Fourier transform (STFT).

[0016] In various embodiments, the image-based representation may be a scalogram.
The scalogram may be a visual representation of the brain signal in the time-frequency
domain using the wavelet transform (WT).

[0017] In various embodiments, the brain signal data comprises a plurality of signals,
each of the plurality of signals corresponding to a respective channel that is associated with
a different brain spatial location (or electrode position). The brain signal data may be
arranged as a three-dimensional (3D) tensor, where the three dimensions are space (e.g.,
obtained by each channel corresponding to a respective electrode positioned on the scalp),
time and frequency, and fed into the deep neural network. In various embodiments, the
deep neural network (or deep learning model) may be a convolutional neural network
(CNN). In various embodiments, the above-mentioned processing the brain signal data
using a deep neural network further comprises convolving each of the plurality of signals
with a one-dimensional linear finite impulse response filter.

[0018] The first processed output data of the brain signal data may comprise a first
time-series signal indicating one or more seizure events in the brain signal data. For
example, the first time-series signal may indicate the presence of one or more seizure
events over time. In various embodiments, the first processed output data of the brain signal
data may be a classification output data. The first processed output data, for example, may
comprise quantitative values within a predetermined range. In various embodiments, the
quantitative values may be probability values between the predetermined range, such as
from the range of O to 1 in a non-limiting example, with higher values representing a seizure
waveform.

[0019] The deep neural network may be trained using a brain signal dataset comprising
brain signal segments relating to seizure events and brain signal segments relating to non-
seizure events.

[0020] In relation to 106, the statistical model may be configured to determine whether
a segment or portion of the first processed output data belongs to a seizure state or a non-

seizure state. In various embodiments, the statistical model may be configured to generate
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probability values indicating a seizure state or a non-seizure state. For example, a
probability value (or statistical output) O indicating a non-seizure state and/or a probability
value (or statistical output) 1 indicating a seizure state may be generated. The second
processed output data of the brain signal data may comprise a second time-series signal
indicating one or more seizure events in the brain signal data. For example, the second
time-series signal may indicate the presence of one or more seizure events over time.
[0021] In various embodiments, the first processed output data may comprise outliers
or fluctuations. In various embodiments, the above-mentioned processing the first
processed output data using a statistical model to obtain a second processed output data of
the brain signal data further comprises reducing or removing the outliers in the first
processed output data by the statistical model. In various embodiments, the statistical
model may be configured to refine the first processed output data (e.g., refine the time-
series signal).

[0022] In various embodiments, the statistical model may comprise a Hidden Markov
Model (HMM). In various embodiments, the statistical model may comprise a Conditional
Random Field (CRF).

[0023] In various embodiments, the brain signal data may be segmented into a plurality
of different spectral bands. For example, different combinations of the spectral bands may
be fed into the CNN, either concatenated into one long vector, or arranged as a matrix.
[0024] The automatic seizure detection may advantageously reduce the time to
diagnosis and enhance real-time applications such as ICU monitoring.

[0025] FIG. 2 depicts a schematic block diagram of a system 200 for seizure detection
according to various embodiments of the present invention, such as corresponding to the
method 100 for seizure detection as described hereinbefore according to various
embodiments of the present invention.

[0026] The system 200 comprises a memory 204, and at least one processor 206
communicatively coupled to the memory 204 and configured to: obtain brain signal data
of brain electrical activity of a subject; process the brain signal data using a deep neural
network to obtain a first processed output data of the brain signal data, the first processed
output data indicating one or more seizure events in the brain signal data; process the first

processed output data using a statistical model to obtain a second processed output data of
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the brain signal data, wherein the statistical model is configured to model transitions
between the one or more seizure events and one or more non-seizure events in the first
processed output data of the brain signal data; and determine the one or more seizure events
based on the second processed output data of the brain signal data.

[0027] It will be appreciated by a person skilled in the art that the at least one processor
206 may be configured to perform the required functions or operations through set(s) of
instructions (e.g., software modules) executable by the at least one processor 206 to
perform the required functions or operations. Accordingly, as shown in FIG. 2, the system
200 may further comprise a brain signal data module (or circuit) 208 configured to obtain
brain signal data of brain electrical activity of a subject; a first signal processing module
(or circuit) 210 configured to process the brain signal data using a deep neural network to
obtain a first processed output data of the brain signal data; a second signal processing
module (or circuit) 212 configured to process the first processed output data using a
statistical model to obtain a second processed output data of the brain signal data; and a
seizure event determining module (or circuit) 214 configured to determine one or more
seizure events based on the second processed output data of the brain signal data.

[0028] It will be appreciated by a person skilled in the art that the above-mentioned
modules (or circuits) are not necessarily separate modules, and two or more modules may
be realized by or implemented as one functional module (e.g., a circuit or a software
program) as desired or as appropriate without deviating from the scope of the present
invention. For example, the brain signal data module 208, the first signal processing
module 210, the second signal processing module 212, and/or the seizure event
determining module 214 may be realized (e.g., compiled together) as one executable
software program (e.g., software application or simply referred to as an “app”), which for
example may be stored in the memory 204 and executable by the at least one processor 206
to perform the functions/operations as described herein according to various embodiments.
[0029] In various embodiments, the system 200 corresponds to the method 100 as
described hereinbefore with reference to FIG. 1, therefore, various functions/operations
configured to be performed by the least one processor 206 may correspond to various steps
or operations of the method 100 described hereinbefore according to various embodiments,

and thus need not be repeated with respect to the system 200 for clarity and conciseness.
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In other words, various embodiments described herein in context of the methods are
analogously valid for the respective systems (e.g., which may also be embodied as devices).
[0030] For example, in various embodiments, the memory 204 may have stored therein
the brain signal data module 208, the first signal processing module 210, the second signal
processing module 212, and/or the seizure event determining module 214, which
respectively correspond to various steps or operations of the method 100 as described
hereinbefore, which are executable by the at least one processor 206 to perform the
corresponding functions/operations as described herein.

[0031] A computing system, a controller, a microcontroller or any other system
providing a processing capability may be provided according to various embodiments in
the present disclosure. Such a system may be taken to include one or more processors and
one or more computer-readable storage mediums. For example, the system 200 described
hereinbefore may include a processor (or controller) 206 and a computer-readable storage
medium (or memory) 204 which are for example used in various processing carried out
therein as described herein. A memory or computer-readable storage medium used in
various embodiments may be a volatile memory, for example a DRAM (Dynamic Random
Access Memory) or a non-volatile memory, for example a PROM (Programmable Read
Only Memory), an EPROM (Erasable PROM), EEPROM (Electrically Erasable PROM),
or a flash memory, e.g., a floating gate memory, a charge trapping memory, an MRAM
(Magnetoresistive Random Access Memory) or a PCRAM (Phase Change Random Access
Memory).

[0032] In various embodiments, a “circuit” may be understood as any kind of a logic
implementing entity, which may be special purpose circuitry or a processor executing
software stored in a memory, firmware, or any combination thereof. Thus, in an
embodiment, a “circuit” may be a hard-wired logic circuit or a programmable logic circuit
such as a programmable processor, e.g., a microprocessor (e.g., a Complex Instruction Set
Computer (CISC) processor or a Reduced Instruction Set Computer (RISC) processor). A
“circuit” may also be a processor executing software, e.g., any kind of computer program,
e.g., a computer program using a virtual machine code, e.g., Java. Any other kind of
implementation of the respective functions which will be described in more detail below

may also be understood as a “circuit” in accordance with various alternative embodiments.
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Similarly, a “module” may be a portion of a system according to various embodiments in
the present invention and may encompass a “circuit” as above, or may be understood to be
any kind of a logic-implementing entity therefrom.

[0033] Some portions of the present disclosure are explicitly or implicitly presented in
terms of algorithms and functional or symbolic representations of operations on data within
a computer memory. These algorithmic descriptions and functional or symbolic
representations are the means used by those skilled in the data processing arts to convey
most effectively the substance of their work to others skilled in the art. An algorithm is
here, and generally, conceived to be a self-consistent sequence of steps leading to a desired
result. The steps are those requiring physical manipulations of physical quantities, such as
electrical, magnetic or optical signals capable of being stored, transferred, combined,
compared, and otherwise manipulated.

[0034] Unless specifically stated otherwise, and as apparent from the following, it will
be appreciated that throughout the present specification, discussions utilizing terms such
as “determining”, “obtaining”, “processing”, “producing”, or the like, refer to the actions
and processes of a computer system, or similar electronic device, that manipulates and
transforms data represented as physical quantities within the computer system into other
data similarly represented as physical quantities within the computer system or other
information storage, transmission or display devices.

[0035] The present specification also discloses a system (which may also be embodied
as a device or an apparatus) for performing the operations/functions of the methods
described herein. Such a system may be specially constructed for the required purposes, or
may comprise a general purpose computer or other device selectively activated or
reconfigured by a computer program stored in the computer. The algorithms presented
herein are not inherently related to any particular computer or other apparatus. Various
general-purpose machines may be used with computer programs in accordance with the
teachings herein. Alternatively, the construction of more specialized apparatus to perform
the required method steps may be appropriate.

[0036] In addition, the present specification also at least implicitly discloses a
computer program or software/functional module, in that it would be apparent to the person

skilled in the art that the individual steps or operations of the methods described herein
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may be put into effect by computer code. The computer program is not intended to be
limited to any particular programming language and implementation thereof. It will be
appreciated that a variety of programming languages and coding thereof may be used to
implement the teachings of the disclosure contained herein. Moreover, the computer
program is not intended to be limited to any particular control flow. There are many other
variants of the computer program, which can use different control flows without departing
from the scope of the invention. It will be appreciated by a person skilled in the art that
various modules described herein (e.g., the brain signal data module 208, the first signal
processing module 210, the second signal processing module 212, and/or the seizure event
determining module 214) may be software module(s) realized by computer program(s) or
set(s) of instructions executable by a computer processor to perform the required functions,
or may be hardware module(s) being functional hardware unit(s) designed to perform the
required functions. It will also be appreciated that a combination of hardware and software
modules may be implemented.

[0037] Furthermore, one or more of the steps or operations of a computer
program/module or method described herein may be performed in parallel rather than
sequentially. Such a computer program may be stored on any computer readable medium.
The computer readable medium may include storage devices such as magnetic or optical
disks, memory chips, or other storage devices suitable for interfacing with a general-
purpose computer. The computer program when loaded and executed on such a general-
purpose computer effectively results in an apparatus that implements the steps or
operations of the methods described herein.

[0038] In various embodiments, there is provided a computer program product,
embodied in one or more computer-readable storage mediums (non-transitory computer-
readable storage medium), comprising instructions (e.g., the brain signal data module 208,
the first signal processing module 210, the second signal processing module 212, and/or
the seizure event determining module 214) executable by one or more computer processors
to perform a method 100 for seizure detection as described hereinbefore with reference to
FIG. 1. Accordingly, various computer programs or modules described herein may be

stored in a computer program product receivable by a system (e.g., a computer system or
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an electronic device) therein, such as the system 200 as shown in FIG. 2, for execution by
at least one processor 206 of the system 200 to perform the required or desired functions.
[0039] The software or functional modules described herein may also be implemented
as hardware modules. More particularly, in the hardware sense, a module is a functional
hardware unit designed for use with other components or modules. For example, a module
may be implemented using discrete electronic components, or it can form a portion of an
entire electronic circuit such as an Application Specific Integrated Circuit (ASIC).
Numerous other possibilities exist. Those skilled in the art will appreciate that the software
or functional module(s) described herein can also be implemented as a combination of
hardware and software modules.

[0040] In various embodiments, the above-mentioned computer system may be
realized by any computer system (e.g., portable or desktop computer system), such as a
computer system 300 as schematically shown in FIG. 3 as an example only and without
limitation. Various methods/operations or functional modules (e.g., the brain signal data
module 208, the first signal processing module 210, the second signal processing module
212, and/or the seizure event determining module 214) may be implemented as software,
such as a computer program being executed within the computer system 300, and
instructing the computer system 300 (in particular, one or more processors therein) to
conduct the methods/functions of various embodiments described herein. The computer
system 300 may comprise a computer module 302, input modules, such as a keyboard 304
and a mouse 306, and a plurality of output devices such as a display 308, and a printer 310.
The computer module 302 may be connected to a computer network 312 via a suitable
transceiver device 314, to enable access to e.g. the Internet or other network systems such
as Local Area Network (LAN) or Wide Area Network (WAN). The computer module 302
in the example may include a processor 318 for executing various instructions, a Random
Access Memory (RAM) 320 and a Read Only Memory (ROM) 322. The computer module
302 may also include a number of Input/Output (I/O) interfaces, for example I/O interface
324 to the display 308, and I/O interface 326 to the keyboard 304. The components of the
computer module 302 typically communicate via an interconnected bus 328 and in a

manner known to the person skilled in the relevant art.
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[0041] It will be appreciated by a person skilled in the art that the terminology used
herein is for the purpose of describing various embodiments only and is not intended to be
limiting of the present invention. As used herein, the singular forms "a", "an" and "the" are
intended to include the plural forms as well, unless the context clearly indicates otherwise.
It will be further understood that the terms "comprises" and/or "comprising", or the like
such as “includes” and/or “including”, when used in this specification, specify the presence
of stated features, integers, steps, operations, elements, and/or components, but do not
preclude the presence or addition of one or more other features, integers, steps, operations,
elements, components, and/or groups thereof.

[0042] In order that the present invention may be readily understood and put into
practical effect, various example embodiments of the present invention will be described
hereinafter by way of examples only and not limitations. It will be appreciated by a person
skilled in the art that the present invention may, however, be embodied in various different
forms or configurations and should not be construed as limited to the example
embodiments set forth hereinafter. Rather, these example embodiments are provided so
that this disclosure will be thorough and complete, and will fully convey the scope of the
present invention to those skilled in the art.

[0043] In particular, for better understanding of the present invention and without
limitation or loss of generality, various example embodiments of the present invention will
now be described with respect to seizure detection in scalp EEG signal data of a subject,
such as an epileptic patient. The seizure detection in the EEG signal data may be described
with respect to epileptic seizure of an epileptic patient, however, it will be appreciated by
a person skilled in the art that the seizure may be related to and caused by other known
neurological medical conditions.

[0044] In various example embodiments, the EEG signal of the subject may be
recorded using an EEG device comprising a plurality of scalp electrodes (each electrode
corresponding to a respective channel), an amplifier and processor. FIG. 4 illustrates a
diagram of an exemplary seizure detection framework 400 for detecting seizure in the brain
signal data according to various example embodiments of the present invention. In various
example embodiments, the seizure detection framework 400 comprises a deep neural

network 420 and a statistical model 430. The EEG signal data 410 may be processed using
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the deep neural network 420, such as a deep CNN, to obtain a first processed output data
of the EEG signal data.

[0045] The deep neural network 420 may be trained using a brain signal dataset
comprising brain signal segments relating to seizure events and brain signal segments
relating to non-seizure events. In various example embodiments, the deep neural network
420 may be trained using an EEG signal dataset comprising seizure events in a plurality of
subjects obtained from a database such as the publicly available Children’s Hospital Boston
(CHB)-Massachusetts Institute of Technology (MIT) database. The EEG signals of the
dataset may be recorded, for example, with a sampling frequency of 256 Hz. The EEG
signal dataset may comprise scalp EEG signals recorded from 23 pediatric patients (5
males, 17 females and 1 missing gender information) with 198 annotated epileptic
intractable seizures (not controlled with seizure medications). In an example
implementation, 983 hours duration of raw EEG recordings from 23 channels were
recorded according to the International 10-20 electrodes positioning system. The
recordings may be organized in 24 cases, each case comprising EEG signal data from a
single subject, except cases 1 and 21 which were obtained from the same subject with a
1.5-year interval. The EEG signal data may be pre-processed. For example, the EEG signal
data may be pre-processed to remove recordings with different montages. In an example,
it was noted that seventeen seizures files had different montages (monopolar) to the rest of
the seizure files (bipolar recordings). Thus, the seventeen recordings were excluded. The
EEGrecords that contained dashes (missing data) and extreme artifacts were also excluded.
In the final dataset, EEG recordings from 24 cases with length up to 526 hours’ duration
comprising 181 seizure events were evaluated. The seizure detection framework 400, for
example, may be developed across a group of patients, rather than using data from
individual patients i.e., patient specific detector.

[0046] The EEG signal data 410 may be pre-processed prior to input into the deep
neural network 420. In various example embodiments, the EEG signal data 410 may be
pre-processed with a bandpass filter. For example, the scalp EEG data may be pre-
processed by applying a 4th order zero phase Butterworth bandpass filter between 0.5 and
30 Hz. In various example embodiments, the EEG data may be segmented into five-second

waveforms for CNN learning. For example, there may be 1280 samples for each waveform
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in a single channel at a sampling rate of 256Hz. In an example, the segmentation resulted
in 2141 seizure segments extracted from 181 seizure events. For a balanced training of the
CNN, 2141 non-seizure segments may be extracted from the dataset randomly.

[0047] In various example embodiments, a four-fold cross-validation may be applied
for evaluating the seizure detection framework 400. During the CNN evaluation process,
the 24 epileptic cases were divided into four folds, randomly, by keeping the distribution
of seizure segments similar in all the folds. Table 1 shows exemplary details of the different
fold-split as follows:

Table 1: Details of division of fold

Fold Noof Noof
No. Case IDs selzure seizure
events segments
1 CHB-01, 03, 04, 05, 10, 23 37 518
2 CHB-02, 08, 12, 20, 22, 24 62 594
3 CHB-07,09, 11,13, 17, 18 29 482
4 CHB-06, 14, 15, 16, 19, 21 53 547
Total 181 2141

[0048] For each cross-validation step, three folds (18 cases) were applied for training
and the testing was performed on the remaining fold (6 cases). The CNN model training
was terminated once the validation error stopped improving. For example, the cross
entropy may be considered as the error function for the training and validation of the CNN
architecture. The different hyper-parameters and the stopping criteria of the model were
optimized by applying a nested cross-validation on the training dataset: 70% for training
and 30% for validation.

[0049] In various example embodiments, in order to simultaneously capture spectral,
temporal and spatial information existing in a seizure, an image-based representation of the
raw EEG data may be used. Time-frequency images demonstrates the joint distribution
information of time domain and frequency domain of the original signal, which can provide
abundant information for seizure detection. Time frequency represents a signal in both the
time and frequency domains simultaneously. In various example embodiments, the time-
frequency representations may comprise spectrograms, scalograms, for example. For
example, the EEG signal data 410 may be pre-processed using bandpass filtering and
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spectrogram/scalogram generation, which uses STFT/WT changing the signal into time-
frequency domain. These representations may be graphically represented as an image.
Spectrograms may be a visual representation of the Short-Time Fourier Transform (STFT)
where the x- and y-axis are time and frequency, respectively, and the intensity (or color
scale) of the image indicates the amplitude of the frequency. The basis for the STFT
representation is a series of sinusoids. For example, STFT may be the most straightforward
frequency domain analysis. However, it cannot adequately model time variant and transient
signal. Spectrograms add time to the analysis of FFT allowing the localization of both time
and frequency. Scalograms are a graphical image of the wavelet transform (WT). WTs are
a linear time-frequency representation with a wavelet basis instead of sinusoidal functions.
Due to the addition of a scale variable along with the time variable, the WT may be
effective for non-stationary and transient signals.

[0050] The pre-processed data may be arranged as a three-dimensional (3D) tensor,
where the three dimensions may be space (electrodes), time and frequency. This tensor is
fed to the CNN with optimal hyper-parameter setting. In various example embodiments,
the architecture of the CNN may include an input layer and an output layer, as well as
multiple hidden layers made of convolutional layers (applying a convolution operation to
the input and passing the result to the next layer), activation functions (defining the output
of certain node given an input of set of inputs), pooling layers (combining the outputs of
neuron clusters at one layer into a single neuron in the next layer), a fully connected layer
at the output (connecting every neuron in one layer to every neuron in another layer). In
various example embodiments, some or all of those types of components may be included.
FIG. 5 illustrates an exemplary architecture of a CNN 500 which may be used for detecting
seizure in the brain signal data according to various example embodiments of the present
invention. For example, X denotes the time-series EEG signal as input (1280 time samples
x 1 channel), F are the filters for each hidden layer, C’ are the feature maps for each hidden
layer, W’ denotes the weight matrix for the fully connected hidden layer, 4’ and A’ are the
pre-activation and post-activation features for the fully connected hidden layer, W’ and /
are the weight matrix and activation of a logistic regressor.

[0051] In various example embodiments, the input vector for the CNN may comprise

1280 samples from each channel (dimensions: 1 channel x 1280). Since seizures often may
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be observed on one or more channels and may spread to other channels (i.e., seizures
spreading spatially), it may be beneficial to combine information from multiple channels
in order to detect seizures. Instead of feeding/analyzing each channel separately, the
channels may be processed together/jointly by feeding them all into the CNN, which may
help to improve the detector performance. Such approach may be referred to as early
fusion. By considering multiple channel simultaneously, the CNN learns more information
about seizure spatial pattern. In such exemplary case, the input vector for the CNN may be
23 channels x 1280 samples. Alternatively, signal data from each channel may be
processed using the CNN separately to produce output data for each channel respectively.
In other words, the CNN may be applied to each channel separately, and the CNN outputs
across different channels may be combined (e.g., to obtain the first processed output data).
Such approach may be referred to as late fusion. The CNN output of each channel (e.g., 23
seizure detector outputs) may be combined to produce a single time-instant level output.
For example, the maximum CNN output (maximum rule) across the channels may be
computed, and that value is considered the CNN output (the first processed output data)
for that time instant.

[0052] According to various example embodiments, a convolution operation may be
performed by convolving each electrode signal of the EEG data with a one-dimensional
linear finite impulse response filter (to capture the temporal information of the EEG signal)
and passed through the output function to form the feature map. In various example
embodiments, the output function may be selected as rectifier linear unit (ReLU) function.
Following this, a pooling layer may be utilized to provide a squashing function. In various
example embodiments, max-pooling may be applied for the pooling layer. The generated
features from the convolutional layers are passed through a fully connected hidden layer.
In various example embodiments, a logistic regressor may be used to perform classification
to seizure and non-seizure classes. In various example embodiments, the logistic regressor
may be a softmax function. For example, the CNN output layer may be mapped between
[0, 1] using the softmax function. The optimized CNN model may be tested on the testing
fold at 5-sec window (1280 samples x 1 channel) with a 75% overlap. For each 5-sec EEG
input, the CNN may generate a probability value between [0, 1] with the higher value

representing the seizure waveform. In order to obtain the time instant detection, the 21-
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channel CNN outputs from a single time instant may be combined together. The maximum
value of 21-channel may be chosen as the combined time instant output, resulting in a
single value, from a range of O to 1 in a non-limiting example, for each 5-sec EEG window.
These procedures may be repeated until all the folds were employed as test data.

[0053] Once a test set is classified using CNN, it is noted that false positives (FPs), i.e.,
true non-seizure detected as seizure, and false negatives (FNs), i.e., true seizure detected
as non-seizure, tend to be sporadic and isolated in time as compared to true positives (TPs),
1.e., the number of seizure segments detected correctly, and true negatives (TNs), i.e., the
number of true non-seizure segments detected correctly.

[0054] The tested CNN output data (the first processed output data) may be processed
using the statistical model 430. In various example embodiments, post-processing of the
CNN outputs using the statistical model 430 may comprise modelling transitions between
classes of the CNN output data. In other words, the statistical model may model transitions
between one or more seizure events and one or more non-seizure events in the CNN output
data (first processed output data). For example, the statistical model 430 may be used to
post-process the CNN outputs so as to accurately capture seizure and non-seizure stage
switching. Accordingly, the seizure detection framework 400 comprising the deep neural
network 420 and the statistical model 430 may advantageously capture the dynamics of the
sequential data (CNN outputs). Additionally, the post-processing of the CNN outputs using
the statistical model 430 may be configured to reduce or eliminate undesired outliers or
fluctuations of the CNN outputs (the first processed output data). The statistical model 430
may encode the dynamics of seizure EEG; specifically, it encapsulates the fact that usually,
seizures last tens of seconds up to several minutes. To learn to capture those dynamics, the
statistical model 430 may be trained based on the training fold CNN outputs, and the trained
model may be tested by applying it to observations (e.g., CNN outputs) in the test fold.
[0055] In various example embodiments, the statistical model 430 may comprise a
Hidden Markov Model (HMM). A HMM is a statistical Markov model in which the system
state 1s not directly visible (i.e., hidden). The hidden state may be binary: (1) seizure or (i1)
non-seizure. The model may be represented by a set of parameters A = {r, X, Y}, where

denotes the initial state probabilities, X denotes the state transition matrix, Y denotes the
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observation probabilities (e.g., discrete observation probabilities). The probability of the

current state of the model (S, | Model ) may be as follows:
P(SZ|M0del):P(SZ|SH)-P(OZ|SZ) (1)
where P (S, | SH) denotes the transition probability of a previous state to the current state,

P(O, | S,) denotes the probability of detecting the current observation given the current

state, S; denotes the state at time t, and [.] operator denotes the multiplication. In various
example embodiments, the state that maximizes the product of the probabilities may be
selected as the state as follows:
S; = arg max P(S;|Model) (2)

[0056] In various example embodiments, the initial estimates of the HMM parameters
may be obtained by clustering the CNN output by a Gaussian mixture with two
components. The means and covariance matrices of each Gaussian component may be
choosen as initial estimates of the HMM parameters of the seizure state and non-seizure
state. In various example embodiments, the HMM may be trained on the training fold by
the Baum-Welch algorithm to determine the maximum likelihood estimation of the HMMs
parameters that converges to a local optimum from an initial guess of the parameters value.
Once the HMM model has been trained on the training fold, the observations in the test
fold may be decoded by the Viterbi algorithm.

[0057] In various example embodiments, the statistical model 430 may comprise a
Conditional Random Field (CRF) model. The CRF may be a discriminative graphical
model which may capture (e.g., directly) the probabilities of possible label sequences given
an observation sequence (e.g., corresponding to CNN outputs), without making
independent assumptions on the observation elements. For the modelling of temporal
information, it may be sufficient to consider a simple chain (e.g., linear-chain CRF
(LCRF)). In various example embodiments, nodes may be fully connected as a
bidirectional chain (e.g., each node has two neighbor nodes). In various example
embodiments, the observation sequence corresponding to CNN outputs may be denoted as
X ={x1,x2 x5 __,Xm}, and the sequence of seizure/non-seizure labels may be denoted as Y

={y1,y2, ¥s3. . ,ym}. In various example embodiments, the CRF may be defined as follows:
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p(Y1X) < exp{Si[ 7L A (i — Lyo X0 + X2, g, X0} 3
where f; and g; are Gaussian distributions with means O (non-seizure) and 1 (seizure)
respectively, and A;j and y; are fitting parameters. In various example embodiments, the
parameters in the LCRF may be inferred by maximum likelihood estimation.

[0058] FIG. 5B illustrates an exemplary graph 510 of a HMM, while FIG. 5C illustrates
an exemplary graph 520 of a CRF model. The graphs may comprise nodes denoted by Y
and X. As illustrated, each node Yi may have two neighbor nodes, Yi-1 and Yi+1. In various
example embodiments, a HMM may have a directed graph. The model may comprise both
observed and latent variables. In various example embodiments, a CRF may have an
undirected graph and may generate latent variables. An open circle in the graph 520 of the
CRF model may indicate that the variable is not generated by the model.

[0059] In various example embodiments, for each 5-second CNN output, the statistical
model may be configured to generate an observation value (probability value) in a
predetermined range, such as in the range from O to 1 (e.g., 0, 0.3, 0.8, 1) in a non-limiting
example. For example, if the observation value is high (e.g., >0.5), the observed value may
be determined to belong to the seizure state (e.g., >0.5 to 1). If the observation value is low,
the observed value may be determined to belong to the non-seizure state (e.g., <0.5). In
various example embodiments, the statistical model may be configured to further generate
a decision or output indication of a seizure state or a non-seizure state. For example, the
statistical model may be configured to generate probability value (or statistical output) O
indicating a non-seizure state and/or probability value (or statistical output) 1 indicating a
seizure state. For example, the output indication by the statistical model may be statistical
output O or statistical output 1, obtained by setting the observation or probability values to
1 1f the probability is above a certain predetermined threshold, and setting the observation
or probability values to O otherwise.

[0060] FIG. 6 illustrates an exemplary diagram 600 of brain signal data (e.g.,
comprising EEG signal segment 610), CNN classification output data (first processed
output data) and post-processing output data (second processed output data) by the
statistical models (e.g., HMM, CRF) on a test fold (e.g., in test data from patient ‘CHB
15%). As 1llustrated, EEG signal segment 610 comprises a seizure event, where the onset is

marked by a black dashed line. CNN output data (first processed output data) 620 for the
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same EEG signal segment 610 is illustrated, where the onset and offset are marked by black
dashed lines. If a CNN output is greater than 0.5 the EEG segment may be determined or
detected as a seizure; otherwise, it is detected as non-seizure EEG. As illustrated, there are
outliers or instabilities, e.g., 625-1, 625-2, 625-3, in the CNN output data 620 during the
seizure period, fluctuating rapidly in time. Second processed output data 630 using CNN
and HMM of the EEG signal segment 610 and second processed output data 640 using
CNN and CRF of the EEG signal segment 610 is shown. After post-processing using the
statistical models, undesired outliers or fluctuations are removed by both statistical models.
In addition, the FPs are reduced, and the false detection rate (FDR) is lowered.

[0061] In various example embodiments, as the spectral contents of the EEG signals
are important for the detection of epileptic seizures, the detection method may be improved
by segmenting the EEG signal into five separate spectral or frequency bands for delta (e.g.,
6.1 < f < 4Hz), theta (e.g., 0: 4 < f < 8Hz), alpha (e.g., @: 8 < f < 13Hz), beta (e.g,,
B: 13< f = 30 Hz), and gamma (e.g., y: =30 Hz). These sub-bands provide more
accurate information about epileptic neuronal activities and consequently, some changes
in the EEG signal, which are not so obvious in the original full-spectrum signal. The
segmentation may enable rhythmic activity to be assessed or investigated. In addition, the
changes in the neuronal activities may not spread out across the entire EEG spectrum, but
are limited to certain frequency bands. Different combinations of sub-bands are fed into
the CNN, either concatenated into one long vector, or arranged as a matrix. The CNN 1s
then trained as usual. Next performance measures may be evaluated for various
combinations of frequency bands.

[0062] In various example embodiments, a parallel and distributed deep learning
framework may be implemented to reduce the training time. In various example
embodiments, the deep CNN models may be designed in Python (v3.5.2) with TensorFlow
1.5.0 with a K80 Tesla GPU. For example, TensorFlow enables deep learning applications
to be delivered easily into less powerful devices in a way that is not possible in the past. A
pre-trained model may be used and then optimized to run on less-powerful offline devices
such as PCs, laptops and mobile devices and still collect results in real-time.

[0063] The performance of the automated seizure detection framework was evaluated
based on three different performance measures, (i) sensitivity, (i1) false detection rate
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(FDR), and (111) latency. Sensitivity is the percentage of true seizure events detected by the
system in the test dataset. FDR is calculated by the number of times the method
misclassifies an EEG segment as seizure event per hour. Latency is the time delay (in sec)
between the seizure detected by the method and the seizure onset marked by the clinical
experts. Tables 2a-2¢ show performance of the seizure detection using for CNN, CNN and

HMM, CNN and CRF, where average values are highlighted in bold, as follows:

Table 2a: Sensitivity (%) in each fold. TPs: true positives

EEG duration No. of
Fold No. . CNN CNN-+HMM | CNN+CRF

(hh:mm) selzures

1 350:20 37 94.59 97.30 94.59

2 155:86 62 87.10 88.71 95.16

3 235:36 29 75.86 79.31 86.21

4 210:50 53 88.68 94.34 90.57

951:92 181 86.56 89.91 91.63

Table 2b: False detection rate (FDR) per hour in each fold. FPs: false positive

Fold |CNN [ CNN | CNN+HMM | CNN+HMM | CNN + CRF | CNN + CRF
No. | FPs | FDR/h FPs FDR/h FPs FDR/h
1 88 0.59 54 0.36 50 0.33
2 77 0.68 41 0.38 43 0.38
3 89 0.66 68 0.50 56 0.41
4 98 0.74 56 0.42 32 0.24
352 0.67 219 0.41 181 0.34
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Table 2¢: Detection latency (in seconds) in each fold

FoldNo. | CNN | CNN+HMM | CNN+CRF
1 1.74 4.85 3.45
2 1.98 4.80 4.37
3 2.20 4.75 3.95
4 2.47 4.65 2.85
2.10 4.77 3.65

[0064] It can be observed that CNN and CRF yields the best performance: an average
detection sensitivity of 91.63%, an average FDR of 0.34 per hour, and an average detection
latency of 3.65 seconds. In various example embodiments, the CRF model may be
advantageous over HMM. For example, the HMMs may not be capable of modeling
complex interdependencies within the observed variables of the CNN output data. In
various example embodiments, the CNN and CRF model may be able to detect 167 out of
181 seizure events, which corresponds to an average sensitivity of 91.63% (see Table 2a),
across all the folds. The sensitivity for varying values of the time margin, i.e., the gap
between the detected and actual onset may be calculated for the processed output data
obtained by the CNN and CRF model. As shown in graph 700a in FIG. 7A, the sensitivity
increases with the time margin, as expected. The sensitivity saturates at a time margin of
12 seconds.

[0065] Referring to Table 2b, it shows the number and rate of FPs for each testing fold.
The average FDR for the CNN and CRF system is 0.34 per hour. The algorithm relies on
signatures of seizure EEG recordings for detecting seizures. However, non-seizure EEG
recordings may comprise similar signatures, which include unmarked sub-clinical seizures,
rhythmic spike discharges, and high-amplitude artifacts.

[0066] In various example embodiments, the CNN and CRF algorithm attained an
average latency of 3.65 seconds (see Table 2c) and average median latency of 3.70 seconds.
[0067] FIG. 7B shows the box plot 700b for detection latencies: average detection
latency along with the maximum and minimum recoded latencies for each of the four test
folds. A seizure event associated with ‘Fold 3’ achieved the minimum latency of -4.95
seconds. Negative latency indicates seizure event detection before visual identification on
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EEG recording. The latency also depends on the seizure onset characteristics in the training
data. A slowly starting seizure with oscillatory characteristics that develop over time or a
seizure onset buried in artifacts may easily induce a delay in detection. A seizure event of
‘Fold 3’ have the largest detection latency of 11.78 seconds.

[0068] FIG. 8 shows an exemplary graph 800 illustrating the sensitivity vs. the FDR of
the hybrid seizure detection framework according to various embodiments of the present
invention along with the different studies proposed in the literature. The plot shows the
performance of the hybrid seizure detection framework (black open circles), the results of
different generalized seizure detectors evaluated on the CHB-MIT dataset in the literature
(black triangles), and the various other generalized seizure detector results (black
diamonds). Most studies in the literature did not consider the latency as a performance
measure. In contrast, the CNN+CRF method considered latency performance and attained
an average detection latency of 3.65 seconds and a median seizure detection latency of 3.70
seconds, which is lower than that achieved in Furbass F, Kampusch S, Kaniusas E, Koren
J, Pirker S, Hopfengentner R, et al. Automatic multimodal detection for long-term seizure
documentation in epilepsy. Clinical Neurophysiology. 2017;128(8):1466-1472.] (26
seconds). Dataset considered in Furbass F, P PO, Hartmann M, Perko H, Skupch AM,
Lindinger G, et al. Prospective multi-center study of an automatic online seizure detection
system _for epilepsy monitoring units. Clinical Neurphysiology. 2015;126(6):1124-31, and
Thodoroff P, Pineau J, Lim A. Learning Robust Features using Deep Learning for
Automatic Seizure Detection. In: Proceedings of the 1% Machine Learning for Healthcare
Conference. vol. 56, is the same as used in assessing the present framework, and hence the
results reported in those papers can serve as direct benchmark.

[0069] As described, a hybrid machine learning system and method may be provided
by combining a deep neural network and a statistical model for automatic seizure detection.
In various example embodiments, the CNN+CRF based method has achieved best results
with an average sensitivity of 91.63%, an average FDR of 0.34 per hour and an average
detection latency of 3.65 seconds from long-term EEG scalp recordings. The achieved
results reaches the state-of the art performance on generalized seizure detection
performance. Automation of this process may be clinically useful in the long-term EEG

monitoring practice and treatment planning for epilepsy patients. The system may be
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clinically useful in the review of long-term scalp EEG recordings for accurate diagnosis
and identification of epileptic seizures as well as seizures resulting from other neurological
causes. It may reduce the burden on the experts thereby enabling them to spend their time
effectively in treatment planning for epilepsy patients.

[0070] FIGS. 9A-9B illustrate exemplary STFT spectrograms 900a and 900b for the
seizure EEG segments and non-seizure EEG segments, respectively (not illustrated with
color scale). FIGS. 10A-10B illustrate exemplary scalograms 1000a and 1000b (e.g.,
continuous wavelet transform) with a Morlet wavelet basis for the seizure EEG segments
and non-seizure EEG segments, respectively (not illustrated with color scale). A dashed
line denotes the cone of influence. Within this region, the wavelet coefficient estimates
may be reliable.

[0071] While embodiments of the invention have been particularly shown and
described with reference to specific embodiments, it should be understood by those skilled
in the art that various changes in form and detail may be made therein without departing
from the scope of the invention as defined by the appended claims. The scope of the
invention is thus indicated by the appended claims and all changes which come within the

meaning and range of equivalency of the claims are therefore intended to be embraced.
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CLAIMS

What is claimed is:

1. A computer-implemented method for seizure detection using at least one
processor, the method comprising:

obtaining multi-channel brain signal data of brain electrical activity of a
subject;

processing the multi-channel brain signal data using a deep neural network
to obtain a first processed output data of the brain signal data, wherein the deep
neural network is trained using a brain signal dataset comprising brain signal
segments relating to seizure events and brain signal segments relating to non-
seizure events, the first processed output data indicating one or more seizure
events in the brain signal data and comprising outliers of the processed multi-
channel brain signal data;

processing the first processed output data from the deep neural network
using a statistical model to obtain a second processed output data of the brain
signal data, wherein the statistical model is configured to model transitions
between the one or more seizure events and one or more non-seizure events in the
first processed output data of the brain signal data and reduce the outliers of the
processed multi-channel brain signal data; and

determining the one or more seizure events based on the second processed

output data of the brain signal data.
2. The method of claim 1, wherein the brain signal data processed using the
deep neural network comprises spectral, temporal and spatial information in relation to

the one or more seizure events.

3. The method of claim 1 or 2, further comprising producing an image-based

representation of the brain signal data in the time-frequency domain, wherein said
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processing the brain signal data using a deep neural network comprises processing the

image-based representation to obtain the first processed output data.

4. The method of any one of claims 1 to 3, wherein the brain signal data
comprises a plurality of signals, each of the plurality of signals corresponding to a
respective channel that is associated with a different brain spatial location, and said
processing the brain signal data using a deep neural network further comprises
convolving each of the plurality of signals corresponding to a respective channel with a

one-dimensional linear finite impulse response filter.

5. The method of any one of claims 1 to 4, further comprising segmenting

the brain signal data into a plurality of different spectral bands.

6. The method of any one of claims 1 to 5, wherein the statistical model

comprises a Hidden Markov Model (HMM).

7. The method of any one of claims 1 to 5, wherein the statistical model

comprises a Conditional Random Field (CRF).

8. The method of any one of claims 1 to 7, wherein the brain signal data

comprises electroencephalogram (EEG) signal data acquired using an EEG device.

9. A system for seizure detection, the system comprising:
a memory; and
at least one processor communicatively coupled to the memory and configured to:
obtain multi-channel brain signal data of brain electrical activity of a subject;
process the multi-channel brain signal data using a deep neural network to obtain
a first processed output data of the brain signal data, wherein the deep neural network is
trained using a brain signal dataset comprising brain signal segments relating to seizure
events and brain signal segments relating to non-seizure events, the first processed output

data indicating one or more seizure events in the brain signal data and comprising outliers
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of the processed multi-channel brain signal data;

process the first processed output data from the deep neural network using a
statistical model to obtain a second processed output data of the brain signal data,
wherein the statistical model is configured to model transitions between the one or more
seizure events and one or more non-seizure events in the first processed output data of the
brain signal data and reduce the outliers of the processed multi-channel brain signal data;
and

determine the one or more seizure events based on the second processed output

data of the brain signal data.

10. The system of claim 9, wherein the brain signal data processed using the
deep neural network comprises spectral, temporal and spatial information in relation to

the one or more seizure events.

11. The system of claim 9 or 10, further comprising producing an image-based
representation of the brain signal data in the time-frequency domain, wherein said
processing the brain signal data using a deep neural network comprises processing the

image-based representation to obtain the first processed output data.

12.  The system of any one of claims 9 to 11, wherein the brain signal data
comprises a plurality of signals, each of the plurality of signals corresponding to a
respective channel that is associated with a different brain spatial location, and said
processing the brain signal data using a deep neural network further comprises convolving
each of the plurality of signals corresponding to a respective channel with a one-

dimensional linear finite impulse response filter.

13. The system of any one of claims 9 to 12, wherein the statistical model

comprises a Hidden Markov Model (HMM) or a Conditional Random Field (CRF).

14.  The system of any one of claims 9 to 13, further comprising segmenting

the brain signal data into a plurality of different spectral bands.
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15. The system of any one of claims 9 to 14, wherein the brain signal data

comprises electroencephalogram (EEG) signal data acquired using an EEG device.

16. A computer program product, embodied in one or more non-transitory
computer-readable storage mediums, comprising instructions executable by at least one
processor to perform a method for seizure detection, the method comprising:

obtaining multi-channel brain signal data of brain electrical activity of a subject;

processing the multi-channel brain signal data using a deep neural network to
obtain a first processed output data of the brain signal data, wherein the deep neural
network is trained using a brain signal dataset comprising brain signal segments relating
to seizure events and brain signal segments relating to non-seizure events, the first
processed output data indicating one or more seizure events in the brain signal data and
comprising outliers of the processed multi-channel brain signal data;

processing the first processed output data from the deep neural network using a
statistical model to obtain a second processed output data of the brain signal data,
wherein the statistical model is configured to model transitions between the one or more
seizure events and one or more non-seizure events in the first processed output data of the
brain signal data and reduce the outliers of the processed multi-channel brain signal data;
and

determining the one or more seizure events based on the second processed output

data of the brain signal data.
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