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Abstract: The electroencephalogram (EEG) is an
electrophysiological monitoring strategy that records the
spontaneous electrical movement of the brain coming about from
ionic current inside the neurons of the brain. The importance of
the EEG signal is mainly the diagnosis of different mental and
brain neurodegenerative diseases and different abnormalities like
seizure disorder, encephalopathy, dementia, memory problem,
sleep disorder, stroke, etc. The EEG signal is very useful for
someonein case of a coma to determinethelevel of brain activity.
So, it is very important to study EEG generation and analysis. To
reduce the complexity of understanding the pathophysiological
mechanism of EEG signal generation and their changes, different
simulation-based EEG modeling has been developed which are
based on anatomical equivalent data. In this paper, Instead of a
detailed model a neural mass model has been used to implement
different simulation-based EEG models for EEG signal
generation which refers to the simplified and straightforward
method. This paper aims to introduce obtained EEG signals of
own implementation of the Lopes da Silva model, Jansen-Rit
model, and Wendling model in Simulink and to compare
characteristic features with real EEG signals and better
understanding the EEG abnormalities especially the seizure-like
signal pattern.

Keywords. EEG signal, EEG abnormalities, Neural Mass
Model, Simulink.

. INTRODUCTION

The electroencephalogram  (EEG) is a proficient

methodol ogy of recording the spontaneous el ectrical action of
the brain as recorded from numerous electrodes put on the
scalp [1] An Evoked potential records the electric potential
produced from stimulation of the sensory pathway. The
extracellular current flow inside the neurons of the brain
related to the summed postsynaptic potential of
synchronously enacted and vertically oriented neurons come
about inthe EEG and EP [2].

Neurophysiology enthusiasts have a great interest in the
nervous system information processing and behavior
controlling technique. EEG signal modeling, an analytical
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approach that includes functional properties of neurons is
utilized to distinguish pathophysiologica EEG changes that
are vital in clinical diagnosis. Simulation-based EEG signal
modeling is important for a better understanding of the
physical mechanism of EEG signa generation, EEG
abnormalities which can be accomplished by analyzing the
estimated model parameters, anticipating long haul
neurological outcome, and illustrate the efficacy of a strategy
of certain quantitative analysis [3]. To simulate
electrophysiological brain activity, different numerical
models have been developed such as the Lopes da Silva
model, Jensen-Rit model, Wendling model. The
mathematical models are developed by simple circuits rather
than complex cortical connections and the model parameters
are based on anatomical data, such as the number of neural
connections or the excitability of neurons. Then the models
can be utilized to test their particular roles and impact [2].

There are different sorts of EEG signals like apha, beta,
and gamma, delta, theta based on signal frequencies which
ranges from 0.1 Hz to more than 100 Hz. In this paper mainly
three macroscopic mathematical models which are called
neural mass models have been discussed to generate three
types of signal (Alpha, Beta, and Gamma). Within the neural
mass model, neuronal systems of the cortex are considered as
agpatially persistent network and the dynamics of the cortical
locale summarized into few state variables that represent the
mean firing rate of the cell(Soma), which imitate the
interaction of excitatory and inhibitory neurons populations,
organized in an input loop [4] [5]. Particularly, applying the
neural mass model, simulation of alpha rhythm activity were
performed by Freeman's model [6], Lopez da Silva's model
[7], in the late seventies, and then improved and extended by
Jansen and Rit [2] to simulate alpha and beta activity and
Wendling et al. [8] for high-frequency gamma-band rhythms
and seizure-like signal.

The inherent limitation of the neural mass model isthat (i)
Though the gamma rhythms can be generated by a chain of
fast inhibitory interneuron without the contribution of other
neurons which has been observed in recent considers, In
neural mass model Gamma rhythms are generated by the
interaction between pyramidal neurons and fast inhibitory
interneurons where little values of the synaptic time constant
areused (ii) Numerousrhythmsinside the same cortical locale
particularly the beta and gamma rhythms can hardly be
obtained [5].
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In this paper, different models for simulating different
aspects of EEG signa following the real functioning of the
brain have been discussed, then introduced different EEG and
seizure-like signal of own implementation in Simulink by
setting different parameters analogous to biological data, and
finally compared those signals with real EEG signals.

[I. RELETED WORK

In recent years many researchers give their concentration to
the simulation-based EEG signa modeling for a better
understanding of the electrophysiological mechanism of the
EEG signal generation and the abnormality detection in the
different EEG signals. In different research, there comes
different models for EEG simulation. Oneis the Microscopic
Model or detailed model [4] where the function of the brain
has been described by the interaction of both the central and
peripheral nervous system. The behavior of thousands of
individual neurons, their connection, and relationship among
those is necessary to model the potentials of the local field.
Then the physiological phenomena have been represented by
mathematical and computational equations. But nowadays,
research interest goes to the ssmplified model instead of the
microscopic model or detailed model because it is
troublesome to find out the impact of each parameter. The
second one is the macroscopic model, which is best known as
the neural massmodel [6], [7], [9] wherethe neural activity in
acortical region is summarized with simplifying assumption
and empirical priorsto mimic EEG signals which is same as
thereal EEG signals. In this approach, alinear function at the
average somaand a nonlinear function at the average dendrite
and white noise as the influence of al far neuronsis used [4].
These models compromise macro-columns or simplified to a
cortical region are summarized to one or two-state variables
to speak to the average activity (mean firing rate) of the full
population, for this reason, it is alluded to as a “mean-field
approximation” which is proficient to determine the
steady-state behavior of the neuronal framework rather than
the dynamic or non-stationary context as it’s utility iS not
established yet [10]. In most cases, the neural mass model is
utilized to simulate alpha rhythms by Freemen [6], Lopes Da
Silva[7], and Jansen & Rit [2]. Following the recent studies
that the kinetics of inhibitory interneurons in hippocampal
have a key impact on the signals generation, the gamma-like
signa has been generated [8]. To generate a redlistic EEG
signa, it is very important to set the parameter values
analogous to the pathological data. Then the procedure of
generating several EEG signals can be analyzed by different
bifurcation analyses mainly the Hopf bifurcation and
saddle-node bifurcation phenomenon [11], [12]. To compare
the simulated EEG signal with real EEG signa the
multi-frequency analysis [13] and spectral analysis [5], [8],
[10] have been performed.

1. METHODOLOGY

The section has been discussed in different sub-section.
The flow diagram of this work has been shown below in Fig.
1.

. Subsystem . . Generate different
Mathematical designwiththe | | Design themain Setting the EEG sgndshy
representations of b Le e mode in o henging th
EEG moddl fferenti Smulink parameter values changing the
equations parameter values

Fig. 1.Flow diagram of thiswork
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A. Lopesda SilvaModel

Lopes da Silva model has been designed for generating
Alpha rhythms assuming two types of neuron
(Thalamo-cortical relay Cells or TCR cells and The
interneurons or IN) based on the historical data from the
Ventro-posterolateral nucleus of the thalamus[14].

1) Mathematical Representation

The neural mass model has been used to design this where
two conversion operations [9], one is a wave-to-pulse
operator at the soma of the neuron and another a
pulse-to-wave operator. The first one is a static sigmoid
function which relates to the mean firing rate and the second
one depends on Synaptic kinetics which represents the
average postsynaptic response. [10]

The linear pulse-to-wave converter is,

hi(t) = Ble™™F —e®1] (1)
he(t) = Ble™™1" —™%2f] @)

Here, he(t) and hi(t) are the impulse responses for the
excitatory and inhibitory synapses.[7]

The equivalent differential equations for (1) and (2) are,
(O + (b, + b)Y () + b,bay(®) = B(b, - ,x(0)) 5
J"I':ﬂ + {ﬂl + ﬂ:]J"'&] + IﬁLﬂ:J"&:I = A(a; - ﬂlx{i’]]__(4)

And there has also a sigmoid function.

2) Setting the parameter values

Table- | Different Parameter for Simulating Lopesda

SilvaModel [7]

Parameter Interpretation Standard value
Y Average time constants 555t
& 60.5s*
by 2758t
b, 5st
A Exitatory Synaptic Potential 1.65mV
B Inhibitory Synaptic Potential 32mv
Cy Number of TCR cells 32
Cz Number of IN 3
K Stability limit of the network 3500000000

3) Designing the model

The subsystem is designed for simplification of the main
model design. The linear pulse-to-wave converter equivalent
differential equation which is stated in (3) has been designed
inthis section. The design of (4) issimilar to the design of (3)
except for the parameter values only. The designed subsystem
for (3) isshown below in Fig. 2

B. Jansen-Rit M od€l

Jansen-Rit model is based on Lopes da Silva’s model [7]
which contains two kinds of neurons populations, total three
interconnected neural population which are mainly involving
inthe generation of paroxysmal activity to generate Alphaand
beta activity. The first one is Pyramidal projection neurons
and the second one is interneurons (excitatory and inhibitory
interneurons).
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The pyramidal projection neurons receive feedback from
excitatory and inhibitory interneurons and an excitatory input
from neighboring cortical units that describes the average
density of afferent action potentials [13].
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Fig. 2.Figurefor designing the differential equation for
pulse-to-wave converter operation.
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Fig. 3.Figurefor designing L opes Da Silva model in
Simulink.

1) Mathematical Representation

Following the neural mass model, two conversion operator
has been used to design this model like Lopes da Silvamodel.
A pulse-to-wave converter converts the input average pulse
density into an average postsynaptic membrane potential of
action potentials and a wave-to-pulse converter converts the
average membrane potential to the average pulse density of
action potentials.

A liner impulse response is applied as a pulse-to-wave
converter shown in (5) and (6). For the excitatory case the
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impulse response e (£) s,

Aate™®  t=0
h(£) = { 0 t=0 ... (5
For inhibitory case M (t) s
t=0

EBhts 0t
B (&) = I[] t=10 (6)

This can be represented as a differential equation,
F#(t) = Aax(t) — 2ay(e) —a®y(t) (7)
Equation (7) can be rewritten for design consideration as 1%
order differential equations,
y(&) = z(8)
:(t) = Aax(t) — 2az(t) — a° j{t] . (8)

Where x(t) isinput, y(t) is output.

A sigmoid function is used as a wave-to-pul se converter as
shownin (9)

T " —_— :4
Sigm(v) = F——— 9)

Where Yo isthe potential value for 50% firing rateand 7 is
the dope of the sigmoid function.

This model can be described through these three
second-order differential equations or a set of six first-order
differential equations which stated below,

_‘J:'n':ﬂ =y ()

_1,5'3'&] = Aa Sigm [_jrj_{ﬂ — ¥ {t]J
—2ay; (£) — a’yy (8)

¥1(8) = ()

¥3(8) = Aalp(t) + C; SigmlC,y, ()]} >(10)

—2ay, (t) —a”y, (¢)

¥a (1) = ¥s (£)

ys(t) = BbIC, SigmlC,v, (£) 1}

—2by; () — by, {t?/

2) Setting the parameter values

Table- |1: Different Parameter for Simulating Jansen-Rit
mode[2]

Par ameter I nter pretation Standard value
A Average excitatory synaptic gain | 3.25mV
Average inhibitory synaptic gain 22mv
a The inverse of the Dendritic | 100s?
average time constant in the
feedback excitatory loop
b Inverse of Dendritic averagetime | 50 s
constant in the feedback
inhibitory loop
Cy Average number of synaptic | 135 (For Alpha)
contacts
1350 (For Beta)
in the excitatory feedback loop
Co 0.8* C;
Cs Average number of synaptic | 0.25% C;
contacts
Cy 0.25* C;
in the slow feedback inhibitory
loop
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3) Designing the model
To design this model clearly and increase the readability,
two subsystems have been designed for the linear impulse

response Me(t) and 1 (t) shown in Fig. 4. The differentia
equation (8) is used to design this subsystem. Design for (5)
and (6) are the same except for the parameter values only. So
here one design has been represented.
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Constanis x
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Fig. 4.Figurefor designing the differential equation for
pulse-to-wave converter operation.

The Jansen-Rit model has been designed to generate Alpha
and Betarhythmin Simulink using different functional blocks
which are shown in Fig. 5.
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Fig. 5.Figurefor designing Jansen-Rit model in Simulink.

C. Wendling Model

This is very much similar to the Jansen-Rit model where
only a new inhibitory feedback loop is added. This model is
used to generate Gamma signal and seizure-like signal as it
has a subset of interneurons providing somatic inhibition to

Gain
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pyramidal cells which is absent in the Jansen-Rit model[8].

1) Mathematical Representation

The This model is very similar to the Jansen-Rit model.
Like the previous two models, here also have a pul se-to-wave
converter that converts the input average presynaptic pulse
density into an average postsynaptic membrane potential of
action potentials with respective impul se response [8],

For excitatory,

h() = {Aate™  t20

0 b0 (11)
For slow inhibitory,
_[Bbte™® t=0
() = ID E<0 (12)
For fast inhibitory,
_[Ggte™ t=0
g (8) = [U E<0 (13)

Eachlinear transfer function hg(t), hi(t), and hy(t) introduces
a pair of 1% order ordinary differential equations shown
below,

[z 2, (t) = z:(t)
() = Wax () - 2wz (8) —wiz (8) (14)

WhereW=A,W=BorW=Gandw=a w=borw=g,
depending on the excitatory, slow inhibitory or fast inhibitory
case. Also, x(t) istheinput, and z,(t) isthe output of the linear
transfer functions.

A wave-to-pulse converter is an asymmetric sigmoid
function that converts the average membrane potentia to the
average pulse density of action potentials.

T8g
LegTlvo-vr (15)

Where Yo isthe potential value for 50% firing rateand ™ is
the dope of the sigmoid function

The connectivity constants C; to C; relates to the average
number of synaptic contacts which represents the interactions
between main cells and interneurons.

This model can be described through this set of nine
first-order differential equations which are stated below [12],

Sigm(u) =

Yolt) = ys(8) )
¥5(t) = Aa Sigmly, (£} — y. () — y,(2)]
—2ays{t) — a*y, ()
¥1(t) = ye(2)
yelt) = Aalp(t) + C, SigmlC v (£)]]
—2ayg {t) — a®y, ()
(8 = ¥ ()
(t) = BbC, SigmlCyvy(t)]
—2by, () — By (£)

>(16)
Vs (t) = ¥e (£)
¥elt) = 6gC; SigmlCsyy(t) — Coys(®)]
—2g¥(t) — g*ya ()
_‘J:'_t'::ﬂ = y3(£)
j:'l;{t:] = B,I_'Jlf_t ngm[fg_‘]‘n{t]]
—2by, (t) — B yy(t) Y,

This set of equations can be solved by classical numerica
integration methods (Runge-Kutta, for
example) [15].
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The output of the model, ¥t} = ¥u(£) — ¥2(£) — ya (£),
will emulate the respective EEG signal.

2) Setting the parameter values

Table- 111: Different Parameter for smulating Wendling

Model [8]
Paramete Inter pretation Standard
r value
A Average excitatory synaptic gain 3.25mvV
B Average slow inhibitory synaptic 22mv
gain
G Average fast inhibitory synaptic 10mVv
gain
a Theinverse of the Dendritic 100s?
average time constant in the
feedback excitatory loop
b Theinverse of the Dendritic 50s?t
average time constant in the
feedback inhibitory loop
g The somatic average time constant 500 st
in the fast feedback inhibitory loop
C The average number of synaptic 135
contacts in the excitatory feedback
Co loop 0.8* C;
Cs Average number of synaptic 0.25* C;
contacts in the slow feedback N
Ca inhibitory loop 0.25* C
Cs Average number of synaptic 0.3* C;
contacts in the fast feedback N
Cs inhibitory loop 01 G
Cy Average number of synaptic 0.8* C;
contacts between slow and fast
inhibitory interneurons
€, Vo of Parameters of the nonlinear €5,=6mV
metric sigmoid function
& g Vo =255t
,r=05mv?

Table- IV: Different Parameter valuesfor simulating six
types of seizure-like signals from Wendling M odel [12]

Signal 1 2 3 4 5 6
A 3.25 5.6 7 7 7 7
22 47 35 15 10 19
G 10 25 10 10 25 3

3) Designing the model

The subsystem is designed for the linear pulse-to-wave
converter operation for the Wendling model is similar to Fig.
4. Herethree impul se responses have been used, all thismodel
issimilar to Fig. 4 using different parameter val ues excitatory,
slow inhibitory, and fast inhibitory feedback.

The Wendling model has been designed with some
subsystemsin Simulink. The designed model is shown in Fig.
6.

IV. RESULT ANALYSIS

If After designing these three models by using the
differential equations and the non-linear asymmetric sigmoid
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function, then by setting all parametersvaluein different EEG
Model, different EEG signals have been generated.

From the Lopesda Silvamodel, the simulated output signal
is like the Alpha Rhythm of brain spontaneous signal as
shown in Fig. 7 Which is very close to Alpha rhythms of our
brain.

heft)
sigm2 Gaind

{0 Jefon mle—<B]e—

Scopel

R

sigm1

Gain1

oo Opeor <

hilt)
1

helt)
3

hait)
Gain3 sigm3

k<]

Fig. 6.Figurefor designing Wendling model in Simulink.
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Fig. 8.Simulated Alpha and Beta wave from Jansen-Rit
model.

From the Jansen-Rit model, two types of brain waves have
been generated which are Alpha rhythm and Beta rhythm.
Alpha and Beta signals have been generated by setting all
parameters constant and changing the average number of
synaptic contacts in the excitatory and inhibitory feedback
loop (Cy, C,, Cs, C4) which is very close to our real brain
activity asshownin Fig. 8.
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To simulate Alphaand Betarhythms, the values of average
number of synaptic contacts, C; = 135 and 1350 and
corresponding C, = 0.8* C;, C3=0.25* C; , C4 = 0.25* C; Whichis
shownin Tablel.

The Wendling model focuses on high-frequency (gamma
band) EEG action, the foremost characteristic
electrophysiological pattern in focal seizures of human
epilepsy. By setting all parameters, changing the average
excitatory, slow inhibitory, and fast inhibitory synaptic gain
(A, B, G) as shown in Table IV, and taking all parameters
constant six types of seizure-like waves have been generated
asshowninFig. 9
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Fig. 9.Simulated six types (Normal background activity,
Sporadic Spikes, Sustained discharge of spike, Slow
rhythmic activity, L ow voltage rapid activity, Slow

quasi-sinusoid activity) of the seizure-like signal from
Wendling model.

Normal background activity 1 _sec
.
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Fig. 10. Real-Depth EEG Signal [8].
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From Fig. 10 and Fig.11, it has been shown shat simulated
EEG signals from the Wendling model and Real-Depth EEG
Signals are very closely related to each other.

V. CONCLUSION

The neura mass model enables us to emulate different
highly complex EEG rhythms and determine the influence of
different parameters on brain activity. The structures of
models, analytic descriptions, the important parameters
similar to anatomical data, and the relationship among them
have been discussed to better understanding and imagination
how the model works like the real functionality of the brain.
Here the model s have been described firstly with analogousto
our brain functionality. Then the mathematical model with
mathematical equations and many differential equations have
been represented to generate EEG-like signal (Alphaand Beta
rhythms) from the Lopes da Silva model and Jansen-Rit
model, and the seizure-like signal from Wendling model.
Then using the differential equations for the linear impulse
response and the non-linear sigmoid function have been
designed by different simulation blocks of Simulink.
Different subsystems have been created to make the model
reader-friendly and to reduce ambiguity. The parameter
values have been collected from the Matlab workspace. By
changing different parameters values different signals have
been generated. It has been found that the properties of the
simulated signals are very similar to the properties of the
real-depth EEG signals
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