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(7) ABSTRACT

Disclosed is a method and system for selection of Electro-
encephalography (EEG) channels valid for determining cog-
nitive load of subject. According to one embodiment, EEG
signals are obtained from EEG channels associated with
subject performing cognitive tasks are received. Time-fre-
quency features of EEG signals are extracted for a frequency
band comprise maximum energy value, minimum energy
value, average energy value, maximum frequency value,
minimum frequency value, and average frequency value.
Weight of an EEG channel associated with time-frequency
feature is derived using statistical learning technique. Binary
values for EEG channels corresponding to time-frequency
feature are assigned using weight of EEG channel associated
with time-frequency feature. Intersections of binary values
of EEG channels corresponding to maximum energy value
and average energy value, minimum energy value and
average energy value, maximum frequency value and aver-
age frequency value, and minimum frequency value and
average frequency value are computed. Unions of intersec-
tions are computed, wherein the unions represent EEG
channels valid to determine cognitive load of subject.
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1
SELECTION OF
ELECTROENCEPHALOGRAPHY (EEG)
CHANNELS VALID FOR DETERMINING
COGNITIVE LOAD OF A SUBJECT

CROSS-REFERENCE TO RELATED
APPLICATIONS AND PRIORITY

This U.S. patent application claims the benefit of priority
under 35 US.C. § 119 to India Patent Application No.
3498/MUM/2014, filed on Nov. 6, 2014. The aforemen-
tioned application is incorporated herein by reference in its
entirety.

TECHNICAL FIELD

The present subject matter described herein, in general,
relates to processing of bioelectric signals for diagnostic
purposes, and more particularly to selection of Electroen-
cephalography (EEG) channels of EEG device to analyze a
cognitive load of a subject.

BACKGROUND

Analysis of various physiological signals to study human
mental state is an emerging and widely recognized field.
Cognitive load is a total amount of mental activity imposed
on a memory of a subject while performing any cognitive
task. Real time monitoring of the cognitive load is required
in a variety of fields ranging from personalized learning to
air-traffic monitoring. Mental state of the subject changes
due to the cognitive load imparted on his/her brain and
performance of the subject may also drastically change
based on a level of the cognitive load. Physiological mea-
surements of the subject may give more unbiased, reliable
and accurate metrics than performance based indices.

Hence, analysis of brain signals is gaining increased
importance. Several techniques are available to analyze the
brain signals namely, Flectroencephalography (EEG), func-
tional Magnetic Resonance Imaging (fMRI), functional
Near Infrared Spectroscopy (fNIRS), and the like. Neuro-
physiological changes in the brain to a given stimulus can be
used to differentiate between human thinking processes for
different levels of cognitive tasks. As compared to other
available techniques, the EEG technique is relatively inex-
pensive, non-invasive and has excellent temporal resolution.

There are various EEG devices available in the market to
measure the cognitive load of the subject. One type of the
EEG devices may be high resolution EEG device which may
fall under precise medical diagnostic devices and other type
may be low resolution EEG devices used for Brain-Com-
puter Interfacing (BCI) applications. The low resolution
EEG devices come with lower number of EEG channels;
hence often miss sensitive positions of the EEG channels
related to the cognitive load. Further, the sensitive positions
of the EEG channels are subjective. The sensitive positions
of the EEG channels may vary from person to person or
based on stimulus types.

The low resolution EEG devices come with lower number
of EEG channels. Hence while determining the cognitive
load of the subject, the low resolution EEG devices pose
major challenges in EEG signal processing and feature
extraction. While applying standard pre-processing tech-
niques like Independent Component Analysis (ICA), Com-
mon Spatial Pattern Filtering, due to lower number of EEG
channels required processing accuracy cannot be achieved.
Further, complexity level in processing of the EEG signals
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is quite high, hence if one needs to use reduced number of
EEG channels, then it is important to know valid positions
of the EEG channels on the skull that give best results.
Analysis for the valid positions of EEG channels can be
done as a subject dependent or as a global finding (subject
independent). Therefore finding the valid positions of the
EEG channels plays a crucial role while determining the
cognitive load by using the low resolution EEG devices.
Finding the valid positions of the EEG channels is also
essential for addressing variability of the subjects, variabil-
ity of the stimulus and also for artifact removal from the
EEG signals.

SUMMARY

This summary is provided to introduce aspects related to
systems and methods for selecting a set of Electroencepha-
lography (EEG) channels valid for determining a cognitive
load of a subject, and the aspects are further described below
in the detailed description. This summary is not intended to
identify essential features of the claimed subject matter nor
is it intended for use in determining or limiting the scope of
the claimed subject matter.

In one implementation, a method for selecting a set of
Electroencephalography (EEG) channels valid for determin-
ing a cognitive load of a subject is disclosed. The method
comprises receiving, by a processor, EEG signals obtained
from a plurality of EEG channels associated with a subject
performing one or more cognitive tasks. The method further
comprises extracting, by the processor, time-frequency fea-
tures of the EEG signals of each EEG channel for at least one
frequency band. The time-frequency features comprise at
least one of a maximum energy value, a minimum energy
value, an average energy value, a maximum frequency
value, a minimum frequency value, and an average fre-
quency value. The method further comprises deriving, by
the processor, a weight of each EEG channel associated with
each time-frequency feature using a statistical learning tech-
nique. The method further comprises assigning, by the
processor, a binary value for each EEG channel correspond-
ing to each time-frequency feature using the weight of each
EEG channel associated with each time-frequency feature.
The method further comprises computing, by the processor,
a first intersection of the binary value of each EEG channel
corresponding to the maximum energy value and the aver-
age energy value, a second intersection of the binary value
of each EEG channel corresponding to the minimum energy
value and the average energy value, a third intersection of
the binary value of each EEG channel corresponding to the
maximum frequency value and the average frequency value,
and a fourth intersection of the binary value of each EEG
channel corresponding to the minimum frequency value and
the average frequency value. The method further comprises
computing, by the processor, a first union of the first
intersection and the second intersection, and a second union
of the third intersection and the fourth intersection. The
method further comprises computing, by the processor, a
third union of the first union and the second union, wherein
the third union represents a set of EEG channels valid to
determine a cognitive load of the subject.

In one implementation, a system for selecting a set of
Electroencephalography (EEG) channels valid for determin-
ing a cognitive load of a subject is disclosed. The system
comprises a processor and a memory coupled to the pro-
cessor. The processor is capable of executing programmed
instructions stored in the memory to receive EEG signals
obtained from a plurality of EEG channels associated with
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a subject performing one or more cognitive tasks. The
processor further extracts time-frequency features of the
EEG signals of each EEG channel for at least one frequency
band. The time-frequency features comprise at least one of
a maximum energy value, a minimum energy value, an
average energy value, a maximum frequency value, a mini-
mum frequency value, and an average frequency value. The
processor further derives a weight of each EEG channel
associated with each time-frequency feature using a statis-
tical learning technique. The processor further assigns a
binary value for each EEG channel corresponding to each
time-frequency feature using the weight of each EEG chan-
nel associated with each time-frequency feature. The pro-
cessor further computes a first intersection of the binary
value of each EEG channel corresponding to the maximum
energy value and the average energy value, a second inter-
section of the binary value of each EEG channel correspond-
ing to the minimum energy value and the average energy
value, a third intersection of the binary value of each EEG
channel corresponding to the maximum frequency value and
the average frequency value, and a fourth intersection of the
binary value of each EEG channel corresponding to the
minimum frequency value and the average frequency value.
The processor further computes a first union of the first
intersection and the second intersection, and a second union
of the third intersection and the fourth intersection; and
computes a third union of the first union and the second
union, wherein the third union represents a set of EEG
channels valid to determine a cognitive load of the subject.

In one implementation, a computer program product
having embodied thereon a computer program for selecting
a set of Electroencephalography (EEG) channels valid for
determining a cognitive load of a subject is disclosed. The
computer program product comprises a program code for
receiving EEG signals obtained from a plurality of EEG
channels associated with a subject performing one or more
cognitive tasks. The computer program product further
comprises a program code for extracting time-frequency
features of the EEG signals of each EEG channel for at least
one frequency band. The time-frequency features comprise
at least one of a maximum energy value, a minimum energy
value, an average energy value, a maximum frequency
value, a minimum frequency value, and an average fre-
quency value. The computer program product further com-
prises a program code for deriving a weight of each EEG
channel associated with each time-frequency feature using a
statistical learning technique. The computer program prod-
uct further comprises a program code for assigning a binary
value for each EEG channel corresponding to each time-
frequency feature using the weight of each EEG channel
associated with each time-frequency feature. The computer
program product further comprises a program code for
computing a first intersection of the binary value of each
EEG channel corresponding to the maximum energy value
and the average energy value, a second intersection of the
binary value of each EEG channel corresponding to the
minimum energy value and the average energy value, a third
intersection of the binary value of each EEG channel cor-
responding to the maximum frequency value and the aver-
age frequency value, and a fourth intersection of the binary
value of each EEG channel corresponding to the minimum
frequency value and the average frequency value. The
computer program product further comprises a program
code for computing a first union of the first intersection and
the second intersection, and a second union of the third
intersection and the fourth intersection. The computer pro-
gram product further comprises a program code for com-
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puting a third union of the first union and the second union,
wherein the third union represents a set of EEG channels
valid to determine a cognitive load of the subject.

BRIEF DESCRIPTION OF THE DRAWINGS

The detailed description is described with reference to the
accompanying figures. In the figures, the left-most digit(s) of
a reference number identifies the figure in which the refer-
ence number first appears. The same numbers are used
throughout the drawings to refer like features and compo-
nents.

FIG. 1 illustrates a network implementation of a system
for selecting a set of electroencephalography (EEG) chan-
nels valid for determining a cognitive load of a subject, in
accordance with an embodiment of the present subject
matter.

FIG. 2 illustrates placement of the EEG channels (14 EEG
channels) of the ‘EmotivI™’ EEG device, in accordance with
an embodiment of the present subject matter.

FIG. 3 illustrates experiments pertaining to a low cogni-
tive load and a high cognitive load applied on the subjects,
in accordance with an embodiment of the present subject
matter.

FIG. 4 illustrates a flowchart of processing of the EEG
signals for selecting a set of electroencephalography (EEG)
channels valid for determining a cognitive load of a subject,
in accordance with an embodiment of the present subject
matter.

FIG. 5 illustrates pictorial representation of a total cog-
nitive load on 10 subjects (51 to S10) in a one-way ANOVA
(Analysis of Variance) analysis, in accordance with an
exemplary embodiment of the present subject matter.

FIG. 6 illustrates an EEG channel intensity map for alpha
frequency band activation, in accordance with an exemplary
embodiment of the present subject matter.

FIG. 7 illustrates an EEG channel intensity map for theta
frequency band activation, in accordance with an exemplary
embodiment of the present subject matter.

FIG. 8 illustrates discrimination power map for the EEG
channel intensity using one-way ANOVA analysis F value
(weighted) for alpha frequency band activation, in accor-
dance with an exemplary embodiment of the present subject
matter.

FIG. 9 illustrates discrimination power map for the EEG
channels’ intensity using one-way ANOVA analysis F value
(weighted) for theta frequency band activation, in accor-
dance with an exemplary embodiment of the present subject
matter.

FIG. 10 illustrates a flowchart of a method for selecting a
set of electroencephalography (EEG) channels valid for
determining cognitive load of a subject, in accordance with
an embodiment of the present subject matter.

DETAILED DESCRIPTION

Systems and methods for selecting a set of Electroen-
cephalography (EEG) channels valid for determining a
cognitive load of a subject are described. The present
disclosure discloses an effective and efficient mechanism for
selecting the set of EEG channels of a low resolution EEG
device to determine the cognitive load of the subject. In
order to select the set of EEG channels, at first EEG signals
obtained from a plurality of EEG channels may be received.
The EEG channels may be connected to the low resolution
EEG device. The EEG channels may be associated with a
subject performing one or more cognitive tasks. System and
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method may use a standard matching test and an n-back
memory test by imparting low cognitive load and high
cognitive load respectively on the subject. System and
method may comprise analyzing variance of at least one of
alpha frequency band signals, beta frequency band signals,
theta frequency band signals, and delta frequency band
signals, of the EEG signals for various combinations of the
EEG channels. Further time-frequency based features of the
EEG signals may be extracted. The time-frequency based
features of the EEG signals may be extracted from each EEG
channel for at least one of the frequency bands of alpha,
beta, theta and delta. The time-frequency based features may
be associated with energy of the EEG signal and a frequency
of the EEG signal. The time-frequency based features may
comprise a maximum energy value, a minimum energy
value, an average energy value, a maximum frequency
value, a minimum frequency value, and an average fre-
quency value.

Further, a weight (W) associated with each time-fre-
quency feature of each EEG channel may be derived using
a statistical learning technique. A binary value may be
assigned to each EEG channel corresponding to each time-
frequency feature by using the weight (W) of each EEG
channel associated with each time-frequency feature respec-
tively.

Further, a first intersection of the binary value of each
EEG channel corresponding to the maximum energy value
and the average energy value may be computed. A second
intersection of the binary value of each EEG channel cor-
responding to the minimum energy value and the average
energy value may be computed. A third intersection of the
binary value of each EEG channel corresponding to the
maximum frequency value and the average frequency value
may be computed. A fourth intersection of the binary value
of each EEG channel corresponding to the minimum fre-
quency value and the average frequency value may be
computed. After computing the intersections, a first union of
the first intersection and the second intersection, and a
second union of the third intersection and the fourth inter-
section may be computed.

After computing the first union and the second union, a
third union of the first union and the second union may be
computed. The third union may represent a set of EEG
channels valid to determine a cognitive load of the subject.

While aspects of described system and method for select-
ing a set of Electroencephalography (EEG) channels valid
for determining a cognitive load of a subject may be
implemented in any number of different computing systems,
environments, and/or configurations, the embodiments are
described in the context of the following exemplary system.

Referring now to FIG. 1, a network implementation 100
of a system 102 for selecting a set of Electroencephalogra-
phy (EEG) channels significant for determining a cognitive
load of a subject is illustrated, in accordance with an
embodiment of the present subject matter. In one embodi-
ment, the system 102 provides dynamic selection of a set of
EEG channels valid for determining a cognitive load of a
subject. In one embodiment, the system 102 at first receives
EEG signals obtained from a plurality of EEG channels. The
plurality of EEG channels may be associated with a subject
performing one or more cognitive tasks. Further, the system
102 may extract time-frequency features of the EEG signals
received from the plurality of EEG channels. Further, the
time-frequency features may be associated with at least one
frequency band of the EEG signals. The frequency bands
may comprise alpha, beta, theta and delta. The system 102
may further derive a weight (W) of each EEG channel
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associated with each time-frequency feature. The system
102 may compute plurality intersections of the binary values
of the plurality of EEG channels corresponding to the
time-frequency features. After computing the intersections,
at least one union of the plurality of intersections may be
computed. The union of the intersections may represent a set
of EEG channels valid to determine a cognitive load of the
subject.

Although the present subject matter is explained consid-
ering that the system 102 is implemented on a server, it may
be understood that the system 102 may also be implemented
in a variety of computing systems, such as a laptop com-
puter, a desktop computer, a notebook, a workstation, a
mainframe computer, a server, a network server, and the like.
In one implementation, the system 102 may be implemented
in a cloud-based environment. It will be understood that the
system 102 may be accessed by multiple users through one
or more user devices 104-1, 104-2 . . . 104-N, collectively
referred to as user devices 104 hereinafter, or applications
residing on the user devices 104. Examples of the user
devices 104 may include, but are not limited to, a portable
computer, a personal digital assistant, a handheld device,
and a workstation. The user devices 104 are communica-
tively coupled to the system 102 through a network 106.

In one implementation, the network 106 may be a wireless
network, a wired network or a combination thereof. The
network 106 can be implemented as one of the different
types of networks, such as intranet, local area network
(LAN), wide area network (WAN), the internet, and the like.
The network 106 may either be a dedicated network or a
shared network. The shared network represents an associa-
tion of the different types of networks that use a variety of
protocols, for example, Hypertext Transfer Protocol
(HTTP), Transmission Control Protocol/Internet Protocol
(TCP/IP), Wireless Application Protocol (WAP), and the
like, to communicate with one another. Further the network
106 may include a variety of network devices, including
routers, bridges, servers, computing devices, storage
devices, and the like.

The system 102 is illustrated in accordance with an
embodiment of the present subject matter. In one embodi-
ment, the system 102 may include at least one processor 110,
an input/output (I/O) interface 112, and a memory 114. The
at least one processor 110 may be implemented as one or
more microprocessors, microcomputers, microcontrollers,
digital signal processors, central processing units, state
machines, logic circuitries, and/or any devices that manipu-
late signals based on operational instructions. Among other
capabilities, the at least one processor 110 is configured to
fetch and execute computer-readable instructions stored in
the memory 114.

The /O interface 112 may include a variety of software
and hardware interfaces, for example, a web interface, a
graphical user interface, and the like. The I/O interface 112
may allow the system 102 to interact with a user directly or
through the client devices 104. Further, the I/O interface 112
may enable the system 102 to communicate with other
computing devices, such as web servers and external data
servers (not shown). The I/O interface 112 can facilitate
multiple communications within a wide variety of networks
and protocol types, including wired networks, for example,
LAN, cable, etc., and wireless networks, such as WLAN,
cellular, or satellite. The I/O interface 112 may include one
or more ports for connecting a number of devices to one
another or to another server.

The memory 114 may include any computer-readable
medium known in the art including, for example, volatile
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memory, such as static random access memory (SRAM) and
dynamic random access memory (DRAM), and/or non-
volatile memory, such as read only memory (ROM), eras-
able programmable ROM, flash memories, hard disks, opti-
cal disks, and magnetic tapes. The memory 114 may include
the programmed instructions and data 116.

The data 116, amongst other things, serves as a repository
for storing data processed, received, and generated by
execution of the programmed instructions. The data 116 may
also include a system database 118.

In one implementation, at first, a user may use the client
device 104 to access the system 102 via the I/O interface
112. The user may register using the I/O interface 112 in
order to use the system 102. The working of the system 102
may be explained in detail in FIGS. 2 and 3 explained below.
The system 102 may be used for selecting a set of Electro-
encephalography (EEG) channels valid for determining a
cognitive load of a subject.

In one embodiment, in order to select the set of EEG
channels valid for determining the cognitive load of the
subject, the system 102 may receive EEG signals from a
plurality of EEG channels. The plurality of EEG channels
may be connected to an EEG device 120. In one embodi-
ment, the EEG device 120 may be a low resolution EEG
device. The plurality of EEG channels may be associated
with a subject performing one or more cognitive tasks. The
one or more cognitive tasks may comprise a task in which
mental activity is imposed on memory of the subject. For
example, the cognitive task may comprise a problem solving
task, a decision making task, language skills, and the like.
The EEG signals may be received from a low resolution
EEG device. The low resolution EEG device may comprise
a maximum of fourteen EEG channels. In another embodi-
ment, the EEG signals may be received from a high reso-
lution EEG device.

Cortex or cerebrum region is the largest part of a brain.
The cortex or the cerebrum region is associated with differ-
ent functions of the brain like critical thinking, perception,
decision making and the like. Different lobes of the cortex
are responsible for different cognitive functions of the brain.
For example, an occipital lobe is associated with visual
perception, a temporal lobe is associated with perception
and recognition of an auditory stimuli and the like.

According to an exemplary embodiment, an experimental
set-up for selecting the set of EEG channels valid for
determining a cognitive load of a subject is described. A low
resolution EEG device named ‘EmotivT™’ having 14-EEG
channels is used. EEG signals are captured using a Python
based EEG capture tool which also presents cognitive tasks
to the subject and captures the EEG signals and trial video
data synchronously. The EEG signals are analyzed using
multiple subsets of 14 EEG (sensors) channels for specific
frequency bands. Placement of the EEG channels (14 EEG
channels) of the ‘Emotivi™’ EEG device is shown in FIG. 2.

Referring to FIG. 2, the low resolution EEG device
‘Emotiv™ has standard 10-20 EEG channels (electrodes).
Standard referencing signals CMS (Common Mode Signal)
and DRL (Driven Right Leg), placed in the location of P3
and P4, do not generate any signal and used for reference
only. Remaining 14 EEG channels shown in the FIG. 2
generate the EEG signals at 128 Hz sampling rate. The EEG
device has an in-built notch filter at power line frequency.

A stimulus used by the system 102 for experimental
purpose is described below. By way of an example, two
elementary cognitive tasks are used for imparting a low
cognitive load and a high cognitive load on the subjects
(participants). A “finding number’ task is used for imparting
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the low cognitive load and an ‘n-back memory’ task is used
for imparting the high cognitive load. The cognitive index
may be used to measure the cognitive load imparted on the
subjects while performing the cognitive task. For example,
as shown in FIG. 3 two sets of experiments are designed
pertaining to the low cognitive load and the high cognitive
load applied on the subjects. Each experiment consisted of
10 trials. Each trial has 10 slides each, containing a number
from 0 to 9. Each slide ‘i’ is presented for duration of 1.6
seconds.

The trials are separated by an inter trial interval of 5
seconds. The subjects are asked to relax during the inter trial
interval period. The inter trial interval period is treated as a
baseline period. For low load trials, termed as ‘finding
number’, the participants are presented a set of numbers one
after another. The participants are asked to respond by
clicking a left mouse button if a pre-defined number (say 5)
appeared on the screen as depicted in FIG. 3. For high load
trials, termed as ‘3-back memory’, the subjects needed to
remember the numbers presented in each slide. The subjects
are instructed to respond if a number matched with the
number presented 3 slides back (as shown in FIG. 3). Two
sets of trial sessions for each of the low cognitive load and
the high cognitive load are conducted for each participant.

By way of an example, a group of 10 subjects are selected
in age group of 25-30 years. All the subjects are right-
handed male engineers working in a research lab. The
selection of the subjects ensures minimum variance in level
of expertise and brain lateralization across all the subjects.
Each subject completed both the trial sessions of the low
cognitive load and the high cognitive load with a short break
of 2 minutes between each trial session termed as “inter trial
period’. Subjects are asked to relax during the ‘inter trial
period’. For 5 subjects the high cognitive load tasks are
given first and then the low cognitive load tasks are given.
For remaining 5 subjects the order of tasks is reversed. The
reversing of the tasks is done to minimize a learning effect
by the subjects.

The python based EEG capture tool present the stimulus
to the subjects during the trials and collect the EEG signals
synchronized with the trials. The python based EEG capture
tool also introduces some markers in the EEG signals like an
EEG start and an EEG end times, a stimulus start time, a
stimulus end time, a base-line start time, a participant
response time and a participant movements such as an
eye-blink events and muscle motion using ‘Emotiv™’ Soft-
ware Development Kit (SDK).

Post receiving the EEG signals, the EEG signals may be
processed to remove one or more artifacts from the EEG
signals. The one or more artifacts may be removed from the
EEG signals using a filtering technique as disclosed in prior
art. The one or more artifacts may be one or more non-
cerebral artifacts. The EEG signals may be contaminated by
the one or more non-cerebral artifacts. The EEG signals may
be susceptible to the non-cerebral artifacts. The one or more
non-cerebral artifacts may comprise artifacts not directly
associated with brain activity and may be associated with
other body parts. The one or more non-cerebral artifacts may
comprise eye-blinks, eye movements, extra-ocular muscle
activity, facial muscle movements, cardiac artifacts, and the
like. The one or more non-cerebral artifacts may also
comprise artifacts originated from outside the body of the
subject and may be associated with a machine or an envi-
ronment. The one or more non-cerebral artifacts may also
comprise movement of the subject, settling of EEG elec-
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trodes, spikes originating from a momentary change in an
impedance of an EEG electrode, or poor grounding of the
EEG electrodes.

Post removing the one or more artifacts, time-frequency
features may be extracted from the EEG signals of each EEG
channel. The time-frequency features may be extracted from
the EEG signals for at least one frequency band. The
frequency band may be at least one of alpha (ct), beta (),
theta (0) and delta (8). The time-frequency features may
comprise at least one of a maximum energy value, a mini-
mum energy value, an average energy value, a maximum
frequency value, a minimum frequency value, and an aver-
age frequency value.

According to another exemplary embodiment, processing
of the EEG signals for removing one or more artifacts and
extracting time-frequency features is explained below.
Flowchart of FIG. 4 depicts processing of the EEG signals.
Referring to FIG. 4, by way of an example, processing of the
EEG signals for selecting the set of EEG channels to
determine the cognitive load of the subject is described
below. 14 time-series EEG signals (one from each EEG
channel) are first segmented into individual trials. Next the
individual trials are subdivided into a baseline epoch and a
trial epoch as mentioned in the prior art. The division of the
EEG signals into the baseline epoch and the trial epoch is
done based on predefined marker data available in the EEG
signals. The predefined marker data is introduced by the
python based EEG capture tool. A segment corresponding to
the individual trial is extracted as a fixed size window of 2.5
seconds around a response time of the subject. The trial
epoch of equal length of 5 seconds is extracted for all the
subjects. The baseline epoch is derived from 5 second ‘inter
trial interval® during which the subjects relax. Apart from the
above, an analysis of continuous 5 seconds trial windows
with 50% overlapping is also performed; wherein the base-
line epoch is taken from the last relax time before the trial
epoch window.

The EEG signals may be contaminated by the non-
cerebral artifacts. The non-cerebral artifacts may be
removed to remove contaminations from the EEG signals.
Further, the trial epochs and the baseline epoch may be
transformed using S-transform. The S-transform decom-
poses a non-stationary signal in a time-frequency domain for
better precision.

After removing the non-cerebral artifacts, the time-fre-
quency features may be extracted from the EEG signals for
at least one frequency band. In one embodiment, the time-
frequency features may be extracted from the EEG signals
for at least one of alpha, beta, theta and delta frequency
band. Mean frequencies and powers at the mean frequencies
may be calculated for at least one of the alpha, beta, theta
and delta frequency band for the EEG channels. The mean
frequencies and the powers at mean frequencies for at least
one of the alpha, beta, theta and delta frequency band may
be used to derive a cognitive load of the subject for at least
one of the alpha beta, theta and delta frequency band as
mentioned in prior art. Finally, an average of the cognitive
loads of each of the beta, theta and delta frequency band as
selected may be calculated to get a total cognitive load. The
mean frequency of the at least one of alpha, beta, theta and
delta frequency band and the total cognitive load are calcu-
lated using a formula given by Anderson. The mean fre-
quency is computed by Equation (1) given below.
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n-1 Equation (1)
> Lofutn
0

flw)y= ———

n-l

L)
w0

In Equation (1), m is a frequency band in question, n is a
number of frequency bins in o, f,,, is a frequency at bin i
and I, is an energy density of o at the frequency bin i. The
mean frequencies for both the trial epoch and the baseline
epoch are calculated. Next frequency shift between the trial
epoch and the baseline epoch are calculated. In one exem-
plary embodiment, the total cognitive load L(t) is calculated
using a combination of a power and a frequency changes for
both the alpha () band and the theta (0) band from the EEG
signals of the EEG channels for a trial t as mentioned in the
prior art. The total cognitive load L(t) is calculated using
Equation (2) given below.

LO=Afe)f{c)-Alf(0)/£16)

Post extracting the time frequency features from the EEG
signals, a weight (W) of the one or more EEG channels
associated with at least one time-frequency feature may be
derived using a statistical learning technique. In one
embodiment, the weight (W) of each EEG channels associ-
ated with each time-frequency feature may be derived using
a statistical learning technique. The weight (W) of the one or
more EEG channels associated with each time-frequency
feature may be derived for the at least one frequency band.
The statistical learning technique may be one of a connec-
tionist framework based Adaptive Neural Network (ANN)
technique, a Maximal Information Coefficient (MIC) based
technique, a minimum Redundancy Maximum Relevance
(mRMR) feature selection technique, and a Hilbert-Schmidt
Independence Criterion Least absolute shrinkage and selec-
tion operator technique (HSIC Lasso).

The weight (W) of the one or more EEG channels
associated with at least one of time-frequency feature may
be derived by using at least one of two methods—connec-
tionist framework based on Adaptive Neural Network
(ANN) and Maximal Information Coefficient (MIC) using
Support Vector Machine (SVM). Derivation of the weight
associated with the time-frequency feature of the EEG
channel is explained below. S-transform of each epoch of the
EEG signal is a time-frequency data representing the fre-
quency response at each instance of time. The energy value
(E) and the mean frequency (f) for at least one frequency
band are computed for one or more EEG channels at every
time instance of the epoch. The maximum, minimum and
average values of E in a given epoch are termed as E,,, .,
B, B, respectively, where i€{a, B, 6, 8} denotes
frequency bands and 1=l=14 denotes the 14 channels of the
‘Emotivi™” device. Similarly, the maximum, minimum and
average values of mean frequencies in a given epoch are
termed as .., f,,,%, I,.> respectively. The composite
feature vector (Fr) is derived from the energy values and the
mean frequency (i) of alpha (a), beta (B), theta (8) and delta
(8) frequency bands as given below in Equation (3).

Equation (2)

- Li Ligp bLipg Lip Lig Li
Fre{E " EoninsEoag " Smax™ Jonin " avg” )

By way of an example, a feature vector FrER ' con-
sisting 6x2x14=128 features is calculated from 14 EEG
channels of the ‘Emotiv™’ device. The time frequency
features may be dimension features. The time frequency
features of the feature vector (Fr) may further used for

Equation (3)



US 10,499,823 B2

11

selection of the EEG channels. One of the objectives of the
present disclosure is to find the set of EEG channels for o
and 0 frequency bands that maximize separation of the
cognitive load L (computed using Equation (2)) for two
types of tasks such as low load cognitive task and high load
cognitive task.

According to an exemplary embodiment, derivation of the
weight (W) associated with at least one time-frequency
feature of the one or more EEG channels using a connec-
tionist framework based on Adaptive Neural Network (ANN
framework) is explained below. For example, the feature
vector (Fr) calculated in Equation (3) may be used to train
the ANN framework having 128 input nodes and two output
nodes and a hidden layer. The number of nodes for the
hidden layer may be experimentally chosen to be 25 using
the method suggested by Hagiwara. Once the ANN frame-
work is trained, then a selection layer of the ANN frame-
work holds a set of weights (W,) those are proportional to
importance of the time frequency features. Though the
selection layer is an integral part of the ANN framework, the
selection layer holds a linear scale factor for the time
frequency features.

Post deriving the weight (W) of the one or more EEG
channels associated with each time-frequency feature, a
binary value may be assigned to each of the one or more
EEG channels corresponding to a time-frequency feature
using the weight (W) of each of the one or more EEG
channels associated with a time-frequency feature respec-
tively.

The derivation of the binary values of the one or more
EEG channels corresponding to the time-frequency feature
may be given by Equations (4) to (9) as shown below. The
derivation of the binary values for each of six types of time
frequency features for the C channels may be calculated
using Equations (4) to (9). If a weight (W) of an EEG
channel corresponding to a time frequency feature is greater
than a predefined threshold then a binary value of the EEG
channel corresponding to that time frequency feature is set
equal to 1 else the binary value of the EEG channel
corresponding to that time frequency feature is set equal to
0. The derivation of the binary value may comprise setting
the binary value of each EEG channel corresponding to at
least one of the maximum energy value, the minimum
energy value, the average energy value, the maximum
frequency value, the minimum frequency value, and the
average frequency value equal to 1, when the corresponding
weight (W) associated with the maximum energy value, the
minimum energy value, the average energy value, the maxi-
mum frequency value, the minimum frequency value, and
the average frequency value of each EEG channel respec-
tively is greater than a threshold value. Else the binary value
is set equal to O for the corresponding EEG channel for
corresponding time frequency feature. The binary value
equal to 1 represents a valid EEG channel and the binary
value equal to 0 represents not a valid EEG channel.

Ig, =0 g, u=1,if Wy i=n}VisisCi€{o,p0,
8} Equation (4)

Ig, =801, =1, if Wg 112n}V1sIsCiC{o,p,6,
o} Equation (5)

lEavgiJZ{O,l\ZEanilzl, if W, #2m}V1<l=Ci€{a,p,6,
o} Equation (6)

Iy w={01L, =1, if W, uem}V1sisCi€{a,p,0,
- &} Equation (7)
Lo =0, u=1,if W, 2n}V1sl=Ci€{c,B,0,0} Equation (8)

Z/avgi,l:{o,l \Zfavgi,l:l, if Wj;wgilan}VlsZsC,iE{a,ﬁ,e,f)} Equation (9)
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For example, ‘Emotiv?™ EEG device has 14 channels,
hence a value of C in Equations (4) to (9) is 14. For example,
the threshold m is selected as 0.3.

After assigning binary values to each of the EEG channels
for each time frequency feature, the EEG channels may be
combined. The combining of the EEG channels may com-
prise computing one or more intersections of the binary
values of the EEG channels corresponding to the time
frequency features. The combining of the EEG channel may
comprise computing a first intersection of the binary values
of the one or more EEG channels corresponding to the
maximum energy value and the average energy value. The
combining of the EEG channel may further comprise com-
puting a second intersection of the binary values of one or
more EEG channels corresponding to the minimum energy
value and the average energy value. The combining of the
EEG channel may further comprise computing a third inter-
section of the binary values of the one or more EEG
channels corresponding to the maximum frequency value
and the average frequency value, and computing a fourth
intersection of the binary value of the one or more EEG
channels corresponding to the minimum frequency value
and the average frequency value. The method for combining
the EEG channels is given in Equations (10) to (12).

After computing the intersections of the binary values of
the EEG channels, the system 102 may compute a first union
of the first intersection and the second intersection, and a
second union of the third intersection and the fourth inter-
section. After computing the first union and the second
union, the system may compute a third union of the first
union and the second union. The third union may represent
aset of the EEG channels valid to determine a cognitive load
of the subject.

According to an embodiment of the present disclosure, for
combining the EEG channels, the system imitially may take
intersections of the EEG channels corresponding to E,,, ™,
E,." and E " E,." as shown in Bquation (10). For
combining the EEG channels, the system 102 may further
take union of the two intersections such as the first inter-
section and the second intersection as shown in Equation
(10). After computing the intersections of the binary values
of the EEG channels, the system 102 may compute a first
union of the first intersection and the second intersection as
shown in Equation (10). In case the output of first union is
empty or NULL (®) set, wherein there are no EEG channels
selected in the first union, then the EEG channels corre-
sponding to the average energy (Eavgl’i) are considered as the
output of first union as shown in Equations (10.a). Similarly
for frequency (1), a third intersection of the binary values of
the one or more EEG channels corresponding to the maxi-
mum frequency value £, and the average frequency value

Favgl’i may be computed, and a fourth intersection of the
binary values of the one or more EEG channels correspond-
ing to the minimum frequency value f,,,*" and the average
frequency value favgl’i may be computed as shown in Equa-
tion (11). After computing the intersections of the binary
values of the EEG channels, the system 102 may compute a
second union of the third intersection and the fourth inter-
section as shown in Equation (11). In case the output of
second union is empty or NULL (®) set, where are there no
EEG channels selected in the second union, then the EEG
channels corresponding to the average frequency (favgl’i) are
considered as the output of second union as shown in
Equations (11.a).

After computing the first union and the second union, the
system may compute a third union of the first union and the

second union as shown in Equation (12). The third union
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may represent a set of the EEG channels valid to determine
a cognitive load of the subject. The computation of the first
intersection, the second intersection, the third intersection,
and the fourth intersection may be performed for binary
values of the EEG channels corresponding to time frequency
features associated with frequency bands comprising at least
one of alpha (@), beta (), theta (6) and delta (d) as shown
in Equation (10), (11), and (12). The third union of the
binary values of the EEG channels may be computed for the
EEG channels identified by energy and mean frequency as
shown in Equation (12). The equations 10 to 12 are given
below, wherein U denotes the union of sets and I denote the
intersection of sets.

ZE":U(I(ZEmz,i,ZE ), il 19) Equation (10)

avg avg

If I;'==® then in:zEWgz,. Equation (10.a)

Ul 0 0 5, ) Buation (11

If /== then Zfl:lfa o Equation (11.a)

I=U(lg 1})Vi€{0,p,6,0} Equation (12)

After computing the third union, the third union may
represent the set of the EEG channels valid to determine the
cognitive load of the subject. The set of the EEG channels
valid to determine the cognitive load of the subject repre-

25

14
TABLE 1

Time-frequency features’ weights (normalized 1o 1)
of 14 EEG channels associated with each time-frequency
feature for alpha band using ANN based feature selection.

E_max E _min Eavg fmax fmin favg
Time- 0.0000  0.0489  0.0689 0.0851 0.0446 0.0885
frequency 0.0000  0.0000  0.0000 1.0000 1.0000 1.0000
Features 0.0142  0.0000  0.0074 0.0000 0.0000 0.0000
Weights 0.9995  0.0801  0.0399 0.0136 0.0377 0.0207
0.0000  0.0876  0.9985 1.0000 1.0000  0.0000
0.0001  0.1676  0.0094 09800 0.1498 0.7673
1.0000  1.0000  0.0019 09734 03291 0.0000
1.0000  1.0000  1.0000 1.0000 0.0000 1.0000
0.0115 09928  0.0000 0.0000 1.0000  0.0000
1.0000  0.0000  0.0006 0.0001 0.0001 0.0000
0.0000 00643  1.0000 0.0000 0.0000  0.0000
0.9677  0.0000  0.9996 0.2558 0.0206 0.0002
1.0000 07909  1.0000 0.0069 0.0000 0.0002
0.9947  1.0000  1.0000 1.0000 1.0000 0.9987

Table 2 shows binary values assigned to 14 EEG channels
associated with each time-frequency feature comparing with
threshold m for 0.3 by using Equations (4) to (9).

TABLE 2

Binary values assigned to 14 EEG channels associated
with each time-frequency feature comparing
with threshold (n) 0.3 by using Equations (4) to (9).

sents valid positions of the EEG channels on the scalp/head Emax  Emin  Eavg fmax fmin favg
of the subject. For convenience, the set of the EEG channels 30 Binary 0 0 0 0 0 0
valid to determine the cognitive load of the subject is termed values of 0 0 0 1 1 1
as ‘valid EEG channels’ here onwards. Further, using Equa- EEG 0 0 0 0 0 0
tion (2), the cognitive load (L) may be computed using the channels é 8 (1) ? 'f 8
valid EEG channels valid to determine the cognitive load of 0 0 0 ) 0 )
the subject as provided by the third union. Further, average 33 1 1 0 1 1 0
of the cognitive load over the valid EEG channels may be 1 1 1 1 0 1
computed. i’ é 8 8 é 8
By way of an example, Table 1 to Table 3 shows experi- 0 0 1 0 0 0
mental results of the tests conducted on 10 subjects using 1 0 1 0 0 0
‘Emotiv™’ EEG device having 14 channels in Equations (4) 49 1 1 1 0 0 0
to (12), and the threshold v is selected as 0.3. Table 1 shows 1 ! 1 1 ! 1
values of the time-frequency features” weights (normalized
to 1) of 14 EEG channels associated with each time- Table 3 shows results of intersection and union on the
frequency feature for alpha band using ANN based feature  binary values of 14 EEG channels by using Equations (10)
selection. to (12)
TABLE 3
Results of intersection and union on the binary values of
14 EEG channels by using Equations (10) to (12)
D= E= F= G-= H- 1= 1=
Intersection  Intersection U (D, Intersection  Intersection U (G, U (F,
(1_Emax, (1 Emin, E)-Eqn. (1 Fmax, (1 Fmin, H)- Eqn. I) - Equ.
1_Evg) 1 Eavg) (10} 1_Favg) 1 Favg) (11) (12)
0 0 0 0 0 0 0
0 0 0 1 1 1 1
0 0 0 0 0 0 0
0 0 0 0 0 0 0
0 0 0 0 0 0 0
0 0 0 1 0 1 1
0 0 0 0 0 0 0
1 1 1 1 0 1 1
0 0 0 0 0 0 0
0 0 0 0 0 0 0
0 0 0 0 0 0 0
1 0 1 0 0 0 1
1 1 1 0 0 0 1
1 1 1 1 1 1 1
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For example, as shown in Table 3, in column U (F,
I)—Eqn. (12) shows that EEG channels Nos 2(F7), 6(P7),
8(02), 12(F4), 13(F8), 14(AF4) are the EEG channels valid
for determining the cognitive load of the subject. EEG
channels No’s 2(F7), 6(P7), 8(02), 12(F4), 13(F8), 14(AF4)
are positions of the EEG channels valid for determining the
cognitive load of the subject.

According to an exemplary embodiment, derivation of the
weight (W) of the one or more EEG channels using Maximal
Information Coefficient (MIC) is explained below. The
weight (W) may be derived by using Maximal Information
Coefficient (MIC) with Support Vector Machine (SVM). The
weight (W) of the one or more EEG channels may be
associated with at least one time-frequency feature. A feature
vector (Fr) of 128 dimensional features may be derived
using Equation (3) and may be fed into a MIC based feature
selection algorithm. MIC is a statistical tool used for mea-
suring inter-relationship between a pair of dataset based on
a concept of binning and grid formation. For every data pair
(p, q), if M represents a mutual information for a grid G, then
MIC of a dataset X of sample size n and grid size (p, q) less
than b, is given by Equation (13).

MIC(X)=max, , o, {M(X), ,}

For different distributions of G, M(X) is given below by
Equation (14).

Equation (13), wherein b,=n%®

M), = max{/(X | G)} Equation (14)

P47 Jogmin(p, g)

Using M(X) value (MIC value), a gain factor of the k”
feature is defined by Equation (15).

1 Equation (13)

W= ——
kT o Sm—05)

Referring Equation (15) S represents a stiffness factor of
a sigmoid function which controls suppression and elevation
of an importance of the time frequency feature. Therefore a
judicious optimization of S is essential for proper evaluation
of a gain factor of the individual time frequency feature. The
evaluation of the gain factor of the individual time frequency
feature is carried out by using SVM classifier as an optimi-
zation function. To run the SVM, an induced feature vector
(Vy), given by Equation (16) is randomized. The induced
feature vector (V) is randomized to generate a number of
dataset for manifold validation of the SVM classifier and
choosing an optimum one from a series of gain factors. The
randomization of the vy may be performed using the stan-
dard Randperm™ function of Matlab™ and for example a
typical number (g) of randomized dataset chosen for the
experiment is ‘4.

Ve=W*F Equation (16)

Referring Equation (16) Wy represents the gain factor
vector corresponding to stiffness value S and V is the final
induced feature vector. Based on accuracy of the SVM
classifier, a Decision Parameter DPIg is generated using
Equation (17). Referring Equation (17) R(I) represents the
accuracy of the SVM for a particular S and 1.

max{Rs(])}

DPc = Equation (17)
Is = M)

V I, I; = randpermir)
l=isg
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Final stiffness factor S and corresponding gain factor
vector W can be determined as a gain factor vector associ-
ated with maximum Decision Parameter value as given in
Equation (18).

W=W(S=max(DPl)) Equation (18)

Once the gain factor vector W is determined using Equa-
tion (18), selection of the set of EEG channel valid for
determining a cognitive load of a subject may be done in a
similar way by using values of the gain factor vector W for
one or more EEG channels as subjected. Herein elements of
the gain factor vector W are similar to Weights (W) as
obtained in the ANN framework.

According to another embodiment, statistical analysis of
the set of EEG channels selected as valid EEG channels for
determining cognitive load of a subject may be performed as
explained below. One-way ANOVA analysis may be used to
test significant differences between cognitive loads for low
load tasks and high load tasks. The one-way ANOVA
analysis tests null hypothesis that two groups are derived
from same population of data and hence there are no
significant differences between the class means. For
example, in one-way ANOVA analysis, if F value obtained
is greater than 1, then the F value indicates that there is
significant difference between the class means. After testing
the results based on F value, the results are tested for
statistical significance or p value. Smaller the p value, lesser
is a chance that the test classes belong to the same group. By
setting p=0.01, the F critical can be determined from a
standard lookup table. F value greater than F critical denotes
rejection of null hypothesis. Since, cognitive load directly
depends on the frequency bands of the various EEG chan-
nels, the ANOVA analysis varies depending on the subset of
EEG channels as chosen.

According to an exemplary embodiment, the system 102
may use three different ways for selecting the set of EEG
channels for determining the cognitive load of the subject as
depicted in F1G. 3. In first way, all the 14 EEG channels may
be used. In second way manually selected EEG channels
based on the prior art studies may be used. Since ‘EmotivT™’
device does not have any sensor at Fz or Pz locations, P7 and
P8 are selected from parietal brain lobe and F3 and F4 from
frontal brain lobe as P7, P8 and F3, F4 seem to be the closest
representative of Pz and Fz. The total cognitive load is
calculated using equation (2) considering the EEG signals
from alpha band and theta band from P7, P8 and F3, F4 EEG
channels only. Finally averaging the values of cognitive load
calculated for P7, P8 and F3, F4 EEG channels gives the
total cognitive load. Similarly, left four EEG channels of
frontal brain lobe are manually selected to measure the
cognitive load as explained above. In third way, a couple of
feature selection algorithms are used to select valid EEG
channels for at least one of alpha, beta, theta and delta
frequency bands. The total cognitive load is again calculated
using equation (2) but only for the EEG channels selected by
the feature selection algorithms.

According to an exemplary embodiment, a comparative
study of selection of the set of EEG channels by different
approached for subjecting the EEG channels and followed
by an analysis of the EEG channels responsible for the
cognitive load calculation are explained below. The results
obtained by one-way ANOVA (Analysis of Variance) analy-
sis, using various approaches for subjecting the EEG chan-
nels, for 10 subjects undertaking two types of tasks as
described above are provided below. Table 4 shows F value
and p value obtained using the one-way ANOVA analysis for
the following EEG channels subsets as subjected.
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The EEG channels subsets as subjected for analysis as
explained here. 1) All EEG channels: Taking all 14 EEG
channels of the Emotive device into account.

2) Left 4 EEG channels (Left 4): Frontal lobe of left
hemisphere i.e. EEG channels AF3, F7, F3 and FCS. The
frontal lobe of right hemisphere EEG channels (AF4, F8, F4
and FC6) are also used in experimentation, however they
didn’t produce mentionable results. The reason behind the
results may be that left hemisphere is responsible for prob-
lem solving, language processing, logical thinking, planning
etc.

3) Frontal and Parietal lobe (FP Lobe): Based on the
finding in prior art literature, the cognitive load is calculated
taking theta band from EEG channels of frontal lobe (F3,
F4) and alpha band from channels of parietal lobe (P7, P8).

4) EEG channels based on prior art psycho-physiological
literature (Phy 7): 7 EEG channels (Cz, P3, P4, Pz, 02, PO4,

10
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7) Mutual Information based EEG channel selection
based on prior art (|22]): As reported by Tian et al., there are
global 7 EEG channels which gave good results for 3
subjects using a 32 channels EEG device. Among these, 6
EEG channels (O1, F8, F7, FC5, FC6, AF3) available in
Emotiv are used.

The results of one-way ANOVA tests for different
approaches for subjecting the subsets of EEG channels—
considering 5 sec window around user response are given
below in Table 4. The bold entries correspond to the best
values of F, p and italics entries correspond to second best
values of F, p for each subject. It is observed that ‘MIC CS’
gives best results for 4 subjects, ‘Left 4’ gives best results for
4 subjects and ‘Phy 7’ gives best results for 2 subjects.

TABLE 4

The results of one-way ANOVA tests for different approaches for subjecting
the subsets of EEG channels considering 5 sec window around user response

All Left FP Phy ANN MIC
Subjects channel 4 Lobe 7 CS CS [22]
S1 F=062F=913 F=768 F=0014 F=1372 F=1879 F=138
P=044 P=0008 P=0014 P=0007 P=0.002 P=0,001 P=0.25
S2 F=370 F=3536 F=11.11 F=2528 F=463 F=2154 F=1935
P=0.06 P=0 P=0002 P=0 P=004 P=0 P=0
83 F=167F=737 F=030 F=1213 F=1825 F=24.68 F=170
P=021P=001 P=059 P=0002 P=0 P=0 P=020
sS4 F=0 F=504 F=456 F=393 F=18 TF=461 F=149
P=095P=003 P=004 P=006 P=019 P=004 P=023
S5 F=145F=207 F=349 F=11.57 F=086 F=461 TF=481
P=024P=016 P=007 P=0.002 P=036 P=004 P=004
S6 F=38F=062 F=258 F=396 F=205 F=772 TF=105
P=006 P=043 P=012 P=006 P=017 P=001 P=032
S7 F=174 F=19.66 F=716 F=1397 F=015 F=321 F=522
P=020P=0 P=-001 P=0001 P=070 P=0.04 P=0.03
S8 F=394F=118 F=355 F=1933 F=1289 F=21.88 F=1935
P=006 P=0.002 P=007 P=0 P=0.001 P=0 P=0
S9 F=121 F=23.644 F=119 F=713 F=1586 F=21.13 F=995
P=028P=0 P=0001 P=0012 P=0 P=0 P =0.004
S10 F=0 F=60 F=206 F=2035 F=639 F=1564 F=0.10
P=09 P=002 P=017 P=0 P=002 P=0 P=076

F7) which are most important for cognitive load are selected.

The output of one-way ANOVA analysis for continuous 5

These are used in the experiments by Tian et al. with a 32 45 seconds window with 50% overlap is shown in Table 5. The

channel EEG device. The 14-channel Emotivi™ EEG device
does not have all the 7 EEG channels. In the Emotiv EEG
device, the Cz, Pz are not available; P7 is used instead of P3;
P8 is used instead of P4 and PO4. Hence P7, P8, O2 and F7
are used for the experiments.

5) Connectionist Framework based EEG channel selec-
tion (ANN CS): The EEG channels are selected using
weights derived from the connectionist framework of ANN
as explained above.

6) MIC based EEG channel selection (MIC CS): The EEG
channels are selected using the weights derived from the
MIC based approach as explained above.

50

55

bold entries correspond to the best F values, p values and the
italics entries corresponds second best F values, p values for
each subject. It can be seen that for few subjects there are
multiple bold entries as the F values are very close to each
other. The F values in Table 5 have noticeably increased
compared to the F values in Table 4. This indicates that a
subject is continuously experiencing more cognitive load for
the “3-back memory’ task compared to the ‘Finding number’
task. Hence the continuous window analysis is more suitable
to find the cognitive load experienced by a subject for an
unknown task. It can also be seen that the ‘MIC CS’ gives
best results for 7 subjects.

TABLE 5

Results of one-way ANOVA tests with different approaches for subjecting
subsets of the EEG channels with Continuous 5 sec window with 50% overlap

All

Subjects channel Left 4 FP Lobe Phy7 ANNCS MICCS [22]

S1 F=58 F=4036 F=4091 F=4596 F=4253 F=562 F=388
P=0017 P=0 P=0 P=0 P=0 P=0 P =0.003
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TABLE 5-continued

20

Results of one-way ANOVA tests with different approaches for subjecting
subsets of the EEG channels with Continuous 5 sec window with 50% overlap

All
Subjects channel Left 4 FPLobe Phy7 ANNCS MICCS [22]
S2 F=1571 F=5814 F=3362 F=5828 F=1713 F=563 F=375
P=0 P=0 P=0 P=0 P=0 P=0 P=0
S3 F=067 F=3274 F=7353 F=4094 F=423 F=475 F=0.14
P=04 P=0 P=0006 P=0 P=0 P=0 P=0.71
S4 F=229 F=1473 F=1341 F=468 F=159 F=1477 F=1082
P=0 P=0 P=0 P=0 P=0 P=0 P =0.001
S3 F=2056 F=1605 F=2253 F=19.07 F=1842 F=069 F=6.12
P=0132 P=0 P=0 P=0 P=0 P=0 P=0.014
S6 F=78 F=233 F=946 F=3381 F=005 F=58376 F=007
P=0.005 P=0.128 P=0.002 P=0 P=0814 P=0 P=0.783
S7 F=012 F=5171 F=1887 F=2634 F=936 F=51.73 F=12.68
P=0732 P=0 P=0 P=0 P=0003 P=0 P=0
S8 F=1797 F=3244 F=458 F=2054 F=315 F=346 F=3367
P=0.185 P=0 P=0 P=0 P=0 P=0 P=0
S9 F=332 F=4523 F=2361 F=1872 F=3178 F=4836 F=2083
P=001 P=0 P=0 P=0 P=0 P=0 P =0.001
S10 F=58 F=2051 F=169 F=1322 F=0974 F=3586 F=342
P=0.017 P=0 P=0195 P=0 P=0326 P=0 P = 0.066

Further, in order to understand repeatability of the results,

mum F value of ANOVA analysis in Table 4 is shown in

another round of experiments are performed on 4 subjects 25 Table 6, where ‘S’ indicates the subjects from 1 to 10 for 10

out of the 7 subjects for which the F values, p values are ~ fows and columns indicate the EEG channels (1 means

marked as bold in ‘MIC CS’ column in Table 5. For another selected). Slr'mlgr set of the valid EEG channels are derived

round of experiments, the previously selected ERG channels forltzlilfiz:aezrllct?i\:sltirolrihf T\)Zlglllé 6 are considered as entries of a

for the corresponding subjects are used. Results indicate that matrix , , then channel activation index is defined as given

th.e trend is similar and deviation of F values is within 5% by Equatlfon (19). Referring Equation (19) N is a number of

with p value <0.005. ) subjects (in our experiment, N=10) and j is an EEG channel
Further, EEG channels subsets for each subject corre- index.

sponding to the highest F values are considered and the

ANOVA analysis is performed. FIG. 5 gives a pictorial 55

representation of total cognitive load as per equation (2) for I Equation (19)

all 10 subjects (S1 to S10) considering the EEG channels Z a;;

having maximum F value with p<0.005, in the one-way =Sl isj<1a

ANOVA analysis. The ‘dark square dots’ represent the N

cognitive load corresponding to low cognitive load task

(Finding number) and ‘+” signs correspond to high cognitive
load trials/tasks (3-back memory test). The figure clearly

Table 6 provides results of EEG channels for alpha
activation corresponding to maximum F value.

TABLE 6

EEG channels for alpha activation corresponding to maximum F value.

S AF3 F7 F3 FC5 T7 P7 O1 02 P8 T8 FC6 F4 T8 AF4
1 0 1 0 11 0 1 1 0 1 0 0 0 0
201 1 1 1 0 0 0 0 0O 0O O 0 0 0
301 0 1 0 0 1 0 1 0 1 0 1 0 0
4 1 1 1 1 0 0 0 0 0O 0O O 0 0 0
5 0 1 0o 0 0 1 0 1 1 0 0 0 0 0
6 0 0 0 1 0 0 1 0 1 0 0 1 0 0
7 1 1 1 1 0 0 0 0 0O 0O O 0 0 0
8 0 0 0 1 0o 1 0 1 0 0 0 0 1 0
9 1 1 1 1 0 0 0 0 0O 0O O 0 0 0
o 1 o o 0o 1 0 1 1 0 0 0 0 0

indicates a difference in average levels for high cognitive
load tasks and low cognitive load tasks for almost all 10
subjects.

The analysis of discrimination power for the selected set
of the EEG channels (valid EEG channels) is explained
below. The results obtained for the valid EEG channels from
one-way ANOVA analysis can further be analyzed using a

60

color map to derive insights on the discrimination power of 65

the valid EEG channels. Binary representation of the valid
EEG channels using alpha activation corresponding to maxi-

The C, as calculated using Equation (19) is used to plot
EEG channel intensity map for alpha frequency band acti-
vation as shown in FIG. 6. Light color indicates highest and
black color indicates lowest discrimination power respec-
tively. Similarly, the EEG channel intensity map for theta
frequency band activation is depicted in FIG. 7. Both the
FIGS. 6 and 7 depict a strong discrimination power for left
frontal lobe and partially for parieto-occipital lobe of right
hemisphere.
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Further, similar analysis is performed by deriving
weighted channel activation index CjF : using F value as the
weighing factor, shown in Equation (20). F,”* is maximum
F value for the subject i in Table 5. It is to be noted that for
each subject, the selected EEG channels in the rows of the
channel selection matrix in Table 6, correspond to maximum
F values of Table 5.

Equation (20)
a;j = F'™

,l<j<14
N J

The system may further determine a weighted channel
activation index of each EEG channel from the set of EEG
channels to determine a discrimination power of each EEG
channel. The set of EEG channels may be the valid EEG
channels for determining the cognitive load of the subject.
The weighted channel activation index of each EEG channel
may be computed by using binary values of each EEG
channel for at least one frequency band computed for a
plurality of subjects and a maximum F value as a weighting
factor. The F value may be greater than zero. In another
embodiment, the F value may be the maximum value among
the available F values for the EEG channels. Further, the F
value represents a ratio of “between group variability” and
“within group variability”, the F value is computed using
ANOVA analysis, and the F value is greater than zero.

The values of CjF are used to plot an EEG channel’s
intensity map for alpha frequency band and theta frequency
band activation in FIG. 8 and FIG. 9 respectively. FIG. 8 and
FIG. 9 shows discrimination power for the EEG channel’s
intensity map using one-way ANOVA (weighted) F value for
(a) alpha frequency band activation and (b) theta frequency
band activation respectively. FIGS. 8 and 9 also shows a
strong discrimination power for left frontal lobe and par-
tially for parieto-occipital lobe of right hemisphere. The
color strength of the map provides information about impor-
tance of selection of the set of EEG channels in determina-
tion of the cognitive load using a low resolution 14-channel
Emotivi™ EEG device.

Further, the system 102 plays a pivotal role in determining
the cognitive load experienced by subjects while executing
a particular task by selection of the EEG channels. Clear
separation between different levels of cognitive loads may
be achieved by optimum selection of the EEG channels.
Although the present disclosure is focused on two level
classifications, it can also further be extended to multilevel
segregation as well. It is also evident from the above
discussion that EEG channel activation is very specific to a
type of the task executed and also subject dependent. The
continuous window analysis with 50% overlapping provides
much better result compared to the analysis around subjects’
responses. The MIC based channel selection algorithm per-
forms best for 70% of the subjects. The left frontal and right
parieto-occipital channels demonstrate the most discrimina-
tive power, for the selected two types of cognitive tasks, as
depicted in the map representations.

The exemplary embodiments discussed above may pro-
vide certain advantages. Though not required to practice
aspects of the disclosure, these advantages may include
those provided by the following features.

Some embodiments enable the system and method for
providing a set of EEG channels subjected to a stimulus
useful for majority (-80%) of subjects to determine cogni-
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tive load of the subjects, wherein there is no need for subject
specific training of the EEG channels while using the set of
EEG channels.

Some embodiments enable the system and the method for
providing a method of intersection and union to derive valid
EEG channels to determine cognitive load of a subject.

Some embodiments enable the system and the method for
providing Maximal Information Coefficient based selection
of a set of EEG channels for determining a cognitive load of
a subject using low cost low resolution EEG devices.

Some embodiments enable the system and the method for
reducing processing load/complexity due to usage of
selected number of EEG channels in real-time set-up.

Referring now to F1G. 10, a method 1000 for dynamically
generating a playlist of multimedia files based upon user’s
mood is shown, in accordance with an embodiment of the
present subject matter. The method 1000 may be described
in the general context of computer executable instructions.
Generally, computer executable instructions can include
routines, programs, objects, components, data structures,
procedures, modules, functions, etc., that perform particular
functions or implement particular abstract data types. The
method 1000 may also be practiced in a distributed com-
puting environment where functions are performed by
remote processing devices that are linked through a com-
munications network. In a distributed computing environ-
ment, computer executable instructions may be located in
both local and remote computer storage media, including
memory storage devices.

The order in which the method 1000 is described is not
intended to be construed as a limitation, and any number of
the described method blocks can be combined in any order
to implement the method 1000 or alternate methods. Addi-
tionally, individual blocks may be deleted from the method
1000 without departing from the spirit and scope of the
subject matter described herein. Furthermore, the method
can be implemented in any suitable hardware, software,
firmware, or combination thereof. However, for ease of
explanation, in the embodiments described below, the
method 1000 may be considered to be implemented in the
above described system 102.

At block 1002, EEG signals obtained from a plurality of
EEG channels associated with a subject performing one or
more cognitive tasks may be received. The EEG signals may
be processed initially to remove one or more artifacts from
the EEG signals. The plurality of EEG channels may be
connected to a low resolution EEG device. The one or more
cognitive tasks may comprise low load cognitive tasks and
high load cognitive tasks.

At block 1004, time-frequency features of the EEG sig-
nals of each EEG channel for at least one frequency band
may be extracted. The time-frequency features may com-
prise at least one of a maximum energy value, a minimum
energy value, an average energy value, a maximum fre-
quency value, a minimum frequency value, and an average
frequency value. The frequency band of the EEG channels
may be at least one of alpha, beta, theta and delta.

At block 1006, a weight of each EEG channel associated
with each time-frequency feature may be derived using a
statistical learning technique. The statistical learning tech-
nique may be one of a connectionist framework based
Adaptive Neural Network technique, and Maximal Infor-
mation Coefficient (MIC) based technique, a minimum
Redundancy Maximum Relevance (nRMR) feature selec-
tion technique, and a Hilbert-Schmidt Independence Crite-
rion Least absolute shrinkage and selection operator tech-
nique (HSIC Lasso).
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At block 1008, a binary value for each EEG channel
corresponding to each time-frequency feature may be
assigned using the weight of each EEG channel associated
with each time-frequency feature. The binary value of each
EEG channel corresponding to each time-frequency feature
may be derived for each EEG channel for the at least one
frequency band using the weight associated with each time-
frequency feature of each EEG channel for the at least one
frequency band respectively. Assigning of the binary value
may further comprise setting the binary value of each EEG
channel for the at least one frequency band corresponding to
each of the maximum energy value, the minimum energy
value, the average energy value, the maximum frequency
value, the minimum frequency value, and the average fre-
quency value equal to 1, when the corresponding weight
associated with the maximum energy value, the minimum
energy value, the average energy value, the maximum
frequency value, the minimum frequency value, and the
average frequency value of each EEG channel for the at least
one frequency band respectively is greater than a threshold
value, else the binary value is set equal to 0. The binary
value equal to 1 may represent a valid EEG channel and the
binary value equal to O represents a not valid EEG channel.

At block 1010, a first intersection of the binary value of
each EEG channel corresponding to the maximum energy
value and the average energy value may be computed, a
second intersection of the binary value of each EEG channel
corresponding to the minimum energy value and the average
energy value may be computed, a third intersection of the
binary value of each EEG channel corresponding to the
maximum frequency value and the average frequency value
may be computed, and a fourth intersection of the binary
value of each EEG channel corresponding to the minimum
frequency value and the average frequency value may be
computed.

Atblock 1012, a first union of the first intersection and the
second intersection may be computed, and a second union of
the third intersection and the fourth intersection may be
computed.

At block 1014, a third union of the first union and the
second union may be computed. The third union may
represent a set of EEG channels valid to determine a
cognitive load of the subject. The third union having binary
values equal to 1 may represent the set of EEG channels
valid to determine the cognitive load of the subject.

The method 1000 may further comprise determining a
weighted channel activation index of each EEG channel
from the set of EEG channels to determine a discrimination
power of each EEG channel. The weighted channel activa-
tion index of each EEG channel may be computed by using
binary values of each EEG channel for at least one frequency
band computed for a plurality of subjects and a maximum F
value as a weighting factor. The F value may be greater than
zero. In another embodiment, the F value may be the
maximum value among the available F values for the EEG
channels. Further, the F value may represent a ratio of
“between group variability” and “within group variability”,
and the F value may be computed using ANOVA analysis.

Although implementations for methods and systems for
selecting a set of Electroencephalography (EEG) channels
valid for determining a cognitive load of a subject have been
described in language specific to structural features and/or
methods, it is to be understood that the appended claims are
not necessarily limited to the specific features or methods
described. Rather, the specific features and methods are
disclosed as examples of implementations for selecting the
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set of Flectroencephalography (EEG) channels valid for
determining the cognitive load of the subject.

What is claimed is:

1. A method for selecting a set of Electroencephalography
(EEG) channels valid for determining a cognitive load of a
subject, the method comprising:

receiving, by a processor, EEG signals obtained from a

plurality of EEG channels associated with a subject
performing one or more cognitive tasks, wherein the
plurality of EEG channels are connected to a low
resolution EEG device;

decomposing, by the processor, the EEG signals into a

time-frequency domain;

extracting, by the processor, time-frequency features of

the decomposed EEG signals for each of multiple
frequency bands of each EEG channel of the plurality
of EEG channels, wherein the time-frequency features
include at least one of a maximum energy value, a
minimum energy value, an average cnergy value, a
maximum frequency value, a minimum frequency
value, or an average frequency value, and wherein the
multiple frequency bands of each of the EEG channels
of the plurality of EEG channels include alpha, beta,
theta, and delta;

deriving, by the processor, a weight for each time-fre-

quency feature associated with each EEG channel of
the plurality of EEG channels using a statistical learn-
ing technique;
assigning, by the processor, a binary value for each EEG
channel of the plurality of EEG channels using the
weight of each time-frequency feature associated with
each EEG channel of the plurality of EEG channels,
wherein the binary value of each EEG channel of the
plurality of EEG channels is equal to 1 when the weight
associated with the maximum energy value, the mini-
mum energy value, the average energy value, the
maximum frequency value, the minimum frequency
value, and the average frequency value of each EEG
channel of the plurality of EEG channels is greater than
a threshold value and wherein the binary value of each
EEG channel of the plurality of EEG channels is equal
to 0 when the weight associated with the maximum
energy value, the minimum energy value, the average
energy value, the maximum frequency value, the mini-
mum frequency value, and the average frequency value
of each EEG channel of the plurality of EEG channels
is less than or equal to the threshold value;

computing, by the processor, a first intersection of the
binary value of each EEG channel of the plurality of
EEG channels corresponding to the maximum energy
value and the average energy value, a second intersec-
tion of the binary value of each EEG channel of the
plurality of EEG channels corresponding to the mini-
mum energy value and the average energy value, a third
intersection of the binary value of each EEG channel of
the plurality of EEG channels corresponding to the
maximum frequency value and the average frequency
value, and a fourth intersection of the binary value of
each EEG channel of the plurality of EEG channels
corresponding to the minimum frequency value and the
average frequency value, wherein computation of the
first intersection, the second intersection, the third
intersection, and the fourth intersection is performed
for binary values of the plurality of EEG channels
corresponding to time frequency features associated
with the multiple frequency bands;
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computing, by the processor, a first union of the first
intersection and the second intersection, and a second
union of the third intersection and the fourth intersec-
tion;
computing, by the processor, a third union of the first
union and the second union, wherein the third union
represents the selected set of EEG channels and corre-
sponding positions, on a head of the subject; and

determining, by the processor, cognitive load of the
subject based on power and frequency changes for the
alpha and theta frequency bands of the selected set of
EEG channels for a predefined time, wherein the
selected set of EEG channels maximize separation of
the cognitive load between a low load cognitive task
and a high load cognitive task.

2. The method of claim 1, wherein the EEG signals are
initially processed to remove one or more artifacts from the
EEG signals after being received and prior to decomposing.

3. The method of claim 1, wherein the plurality of EEG
channels are connected to the low resolution EEG device
comprising a maximum of 10 to 20 EEG channels.

4. The method of claim 1, wherein the cognitive tasks
comprise low load cognitive tasks or high load cognitive
tasks.

5. The method of claim 1, wherein the binary value is
assigned to the at least one frequency band of each EEG
channel of the plurality of EEG channels using the weight
associated with each time-frequency feature of each EEG
channel of the plurality of EEG channels.

6. The method of claim 1, wherein the binary value equal
to 1 represents a valid EEG channel and the binary value
equal to O represents a not valid EEG channel.

7. The method of claim 1, wherein the statistical learning
technique is at least one of a connectionist framework based
Adaptive Neural Network technique, a Maximal Informa-
tion Coeflicient (MIC) based technique, a minimum Redun-
dancy Maximum Relevance (mnRMR) feature selection tech-
nique, or a Hilbert-Schmidt Independence Criterion Least
absolute shrinkage and selection operator technique (HSIC
Lasso).

8. The method of claim 1, wherein the third union
representing the selected set of EEG channels valid to
determine the cognitive load of the subject are assigned
binary values equal to 1.

9. The method of c¢laim 1, further comprising determining
a weighted channel activation index for each EEG channel
of the plurality of EEG channels to determine a discrimi-
nation power of each EEG channel of the plurality of EEG
channels, wherein the weighted channel activation index is
computed using binary values for each EEG channel of the
plurality of EEG channels computed for a plurality of
subjects and a maximum of F values as a weighting factor,
wherein the F values represent a ratio of between group
variability and within group variability, and the F values are
computed using Analysis of Variance (ANOVA) analysis,
and the F values are greater than zero.

10. A system for selecting a set of Electroencephalogra-
phy (EEG) channels valid for determining a cognitive load
of a subject, the system comprising:

a processor; and

amemory coupled to the processor, wherein the processor

executes programmed instructions stored in the

memory to:

receive EEG signals obtained from a plurality of EEG
channels associated with a subject performing one or
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more cognitive tasks, wherein the plurality of EEG
channels are connected to a low resolution EEG
device;

decompose the EEG signals into a time-frequency
domain;

extract time-frequency features of the decomposed
EEG signals for each of multiple frequency bands of
each EEG channel of the plurality of EEG channels,
wherein the time-frequency features include at least
one of a maximum energy value, a minimum energy
value, an average energy value, a maximum fre-
quency value, a minimum frequency value, or an
average frequency value, and wherein the multiple
frequency bands of each of the EEG channels of the
plurality of EEG channels include alpha, beta, theta,
and delta;

derive a weight for each time-frequency feature asso-
ciated with each EEG channel of the plurality of
EEG channels using a statistical learning technique;

assign a binary value for each EEG channel of the
plurality of EEG channels using the weight of each
time-frequency feature associated with each EEG
channel of the plurality of EEG channels, wherein
the binary value of each EEG channel of the plurality
of EEG channels is equal to 1 when the weight
associated with the maximum energy value, the
minimum energy value, the average energy value,
the maximum frequency value, the minimum fre-
quency value, and the average frequency value of
each EEG channel of the plurality of EEG channels
is greater than a threshold value and wherein the
binary value of each EEG channel of the plurality of
EEG channels is equal to 0 when the weight asso-
ciatedwith the maximum energy value, the minimum
energy value, the average energy value, the maxi-
mum frequency value, the minimum frequency
value, and the average frequency value of each EEG
channel of the plurality of EEG channels is less than
or equal to the threshold value;

compute a first intersection of the binary value of each
EEG channel of the plurality of EEG channels cor-
responding to the maximum energy value and the
average energy value, a second intersection of the
binary value of each EEG channel of the plurality of
EEG channels corresponding to the minimum energy
value and the average energy value, a third intersec-
tion of the binary value of each EEG channel of the
plurality of EEG channels corresponding to the
maximum frequency value and the average fre-
quency value, and a fourth intersection of the binary
value of each EEG channel of the plurality of EEG
channels corresponding to the minimum frequency
value and the average frequency value, wherein
computation of the first intersection, the second
intersection, the third intersection, and the fourth
intersection is performed for binary values of the
EEG channels of the plurality of EEG channels
corresponding to time frequency features associated
with the multiple frequency bands;

compute a first union of the first intersection and the
second intersection, and a second union of the third
intersection and the fourth intersection;

compute a third union of the first union and the second
union, wherein the third union represents the
selected set of EEG channels and corresponding
positions, on a head of the subject; and
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determine cognitive load of the subject based on power
and frequency changes for the alpha and theta fre-
quency bands of the selected set of EEG channels for
a predefined time, wherein the selected set of EEG
channels maximize separation of the cognitive load
between a low load cognitive task and a high load
cognitive task.

11. The system of claim 10, wherein the EEG signals are
initially processed to remove one or more artifacts from the
EEG signals after being received and prior to decomposing.

12. The system of claim 10, wherein the binary value
equal to 1 represents a valid EEG channel and the binary
value equal to 0 represents a not valid EEG channel.

13. The system of claim 10, wherein the statistical learn-
ing technique includes at least one of a connectionist frame-
work based Adaptive Neural Network technique, a Maximal
Information Coeflicient (MIC) based technique, a minimum
Redundancy Maximum Relevance (mRMR) feature selec-
tion technique, or a Hilbert-Schmidt Independence Criterion
Least absolute shrinkage and selection operator technique
(HSIC Lasso).

14. The system of claim 10, wherein the processor
executes programmed instructions stored in the memory to
determine a weighted channel activation index for each EEG
channel of the plurality of EEG channels to determine a
discrimination power of each EEG channel of the plurality
of EEG channels, wherein the weighted channel activation
index is computed using binary values for each EEG channel
of the plurality of EEG channels computed for a plurality of
subjects and a maximum of F values as a weighting factor,
wherein the F values represent a ratio of between group
variability and within group variability, and the F values are
computed using Analysis of Variance (ANOVA) analysis,
and the F values are greater than zero.

15. A non-transitory computer-readable medium compris-
ing a computer program executable by at least one processor
for selecting a set of Flectroencephalography (EEG) chan-
nels valid for determining a cognitive load of a subject, the
computer program comprising:

a program code for receiving EEG signals obtained from

a plurality of EEG channels associated with a subject
performing one or more cognitive tasks, wherein the
plurality of EEG channels are connected to a low
resolution EEG device;

a program code for decomposing the FEG signals into a
time-frequency domain;

a program code for extracting time-frequency features of
the decomposed EEG signals for each of multiple
frequency bands of each EEG channel of the plurality
of EEG channels, wherein the time-frequency features
include at least one of a maximum energy value, a
minimum energy value, an average energy value, a
maximum frequency value, a minimum frequency
value, or an average frequency value, and wherein the
multiple frequency bands of each of the EEG channels
of the plurality of EEG channels include alpha, beta,
theta, and delta;

a program code for deriving a weight for each time-
frequency feature associated with each EEG channel of
the plurality of EEG channels using a statistical learn-
ing technique;

a program code for assigning a binary value for each EEG
channel using the weight of each time-frequency fea-
ture associated with each EEG channel of the plurality
of EEG channels, wherein the binary value of each
EEG channel of the plurality of EEG channels is equal
to 1 when the weight associated with the maximum
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energy value, the minimum energy value, the average
energy value, the maximum frequency value, the mini-
mum frequency value, and the average frequency value
of each EEG channel of the plurality of EEG channels
is greater than a threshold value and wherein the binary
value of each EEG channel of the plurality of EEG
channels is equal to 0 when the weight associated with
the maximum energy value, the minimum energy
value, the average energy value, the maximum fre-
quency value, the minimum frequency value, and the
average frequency value of each EEG channel of the
plurality of EEG channels is less than or equal to the
threshold value;

a program code for computing a first intersection of the
binary value of each EEG channel of the plurality of
EEG channels corresponding to the maximum energy
value and the average energy value, a second intersec-
tion of the binary value of each EEG channel of the
plurality of EEG channels corresponding to the mini-
mum energy value and the average energy value, a third
intersection of the binary value of each EEG channel of
the plurality of EEG channels corresponding to the
maximum frequency value and the average frequency
value, and a fourth intersection of the binary value of
each EEG channel of the plurality of FEG channels
corresponding to the minimum frequency value and the
average frequency value, wherein computation of the
first intersection, the second intersection, the third
intersection, and the fourth intersection is performed
for binary values of the plurality of EEG channels
corresponding to time frequency features associated
with the multiple frequency bands;

a program code for computing a first union of the first
intersection and the second intersection, and a second
union of the third intersection and the fourth intersec-
tion;

a program code for computing a third union of the first
union and the second union, wherein the third union
represents the selected set of EEG channels and corre-
sponding positions, on a head of the subject; and

a program code for determining cognitive load of the
subject based on power and frequency changes for the
alpha and theta frequency bands of the selected set of
EEG channels for a predefined time, wherein the
selected set of EEG channels maximize separation of
the cogunitive load between a low load cognitive task
and a high load cognitive task.

16. The medium of claim 15, wherein the EEG signals are
initially processed to remove one or more artifacts from the
EEG signals after being received and prior to decomposing.

17. The medium of claim 15, wherein the binary value
equal to 1 represents a valid EEG channel and the binary
value equal to 0 represents a not valid EEG channel.

18. The medium of claim 15, wherein the statistical
learning technique includes at least one of a connectionist
framework based Adaptive Neural Network technique, a
Maximal Information Coeflicient (MIC) based technique, a
minimum Redundancy Maximum Relevance (mRMR) fea-
ture selection technique, or a Hilbert-Schmidt Independence
Criterion Least absolute shrinkage and selection operator
technique (HSIC Lasso).

19. The medium of claim 15, wherein the computer
program further includes a program code for determining a
weighted channel activation index for each EEG channel of
the plurality of EEG channels to determine a discrimination
power of each EEG channel of the plurality of EEG chan-
nels, wherein the weighted channel activation index is
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computed using binary values for each EEG channel of the
plurality of EEG channels computed for a plurality of
subjects and a maximum of F values as a weighting factor,
wherein the F values represent a ratio of between group
variability and within group variability, and the F values are 5
computed using Analysis of Variance (ANOVA) analysis,
and the F values are greater than zero.

® 0% % % %
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