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This paper proposes a ring-star neural network with small-world characteristics (RS-SWNN) based on the classical
ring-star network, and combines the Izhikevich neuron model. RS-SWNN incorporates small-world characteristics, better
mimicking the non-uniform connectivity of biological neural networks. According to the different coupling strength settings
of Dying and Dgtar, the dynamical behavior of the network is studied, and the synchronicity differences of the network under
different coupling strengths are revealed. In addition, a discrete memristor is used to simulate the effects of electromagnetic
radiation. The modulation effects of varying radiation intensities on the network synchronization are further analyzed. The
study shows that the electromagnetic radiation effect significantly impacts the neuronal synchronization behavior, especially
in its modulation of network synchronization under varying coupling strengths. Numerical simulation is carried out using

MATLAB software, and the corresponding results are obtained.
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1. Introduction

The study of neuronal behavior is crucial, as neurons
serve as the essential components of the brain and are the
core units of information transmission.!'=3! An ideal neuronal
model should be able to describe various bursting and spik-
ing characteristics while maintaining high computational effi-
ciency, especially when simulating large numbers of neurons,
as this is key to modeling large-scale neural networks. The
Hodgkin—Huxley model was one of the earliest neuronal mod-
els to achieve this goal.*! It successfully simulates the phys-
iological properties of neurons by describing the dynamics of
ion channels. However, the model’s computational complexity
is high, which poses challenges in large-scale neural network
simulations due to the computational cost. To tackle this prob-
lem, Izhikevich proposed a simplified neuronal model!®! that
can mimic the behavior of numerous neurons quickly while
still retaining biological accuracy. This model not only simu-
lates various neuronal firing patterns,'%! such as regular spik-
ing, intrinsic bursting, and tremor firing, but also effectively
describes the behavior of thalamocortical neurons, exhibiting
spiking and bursting characteristics similar to those of biolog-
ical neurons. Vivekanandhan et al.!”! proposed an improved
neuron model by incorporating an electric field into the Izhike-
vich neuron model. By varying the parameters, they investi-
gated the dynamic behavior of the model. Experimental re-
sults demonstrated that the presence of the electric field leads
to complete synchronization at higher coupling coefficients.
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Aristides et al.!8 investigated the linear stability of synchro-
nization states in Izhikevich neuron networks using the master
stability function (MSF). Faci-Lézaro et al.l! employed the
Izhikevich neuron model to describe network dynamical be-
havior, revealing the activation patterns of neuronal networks.
Overall, the Izhikevich neuron model is widely used in neural
network research and dynamical analysis of the nervous sys-
tem due to its computational efficiency and biological realism.

The memristor was first proposed by Leon Chua in
19711% and was physically realized in 2008.I'!! In the con-
text of neural networks, memristors not only effectively sim-
ulate synapses in biological neural systems!!>"13! but can
also be used to model electromagnetic radiation induction
phenomena.l'1%1 Yu e al.1?1 constructed a memristive tri-
neuron Hopfield neural network (MTN-HNN), in which the
synapse of the second neuron was replaced by the proposed
memristor, and conducted theoretical and experimental stud-
ies on the dynamics of this neural network. Wang et al.l*!]
designed a new type of discrete memristor, connected the
Chialvo model, constructed a two-neuron coupled system and
a two-dimensional lattice neural network, and analyzed the
synchronization and spatiotemporal dynamics of the neural
network. A new neuromorphic architecture, proposed by Deng
et al.,[*?) integrates memristors with piecewise nonlinear dy-
namics into tabu learning neuron circuits, thus forming an in-
novative memristive tabu learning neuron model that can pro-
duce two-winged chaotic butterflies. With further optimization
of memristor technology, its prospects in applications such as
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neural networks, image encryption,>>?* and circuit system
design are very promising.

The neural network simulates the process of information
transmission and processing between neurons in the biolog-
ical brain.[>-28 The synchronization of the neural network
refers to the coordinated firing activity of multiple neurons
in the network. Synchronization plays a crucial role in bio-
logical neural systems.>=3?! In Ref. [33], the authors study
the impact of modifying system parameters on the synchro-
nization characteristics of the dual-attribute ring-star neural
network (DRSNN). In Ref. [34], based on the Rulkov neu-
ron model, a scale-free neural network model with heteroge-
neous time delays is designed, called the heterogeneous scale-
free neural network (HSFNN), and its dynamic behavior was
studied. In Ref. [35], the authors show the dynamic transition
from a simple network of two coupled systems to a network of
nodes, demonstrating synchronicity with increasing coupling
In Ref. [36], to study
the impact of network heterogeneity on neuronal synchroniza-

strength for all network connections.

tion, a small-world network consisting of electrically coupled
non-identical Chialvo neurons was analyzed. By deeply study-
ing the synchronization mechanism of neuronal networks, we
can not only deepen our understanding of brain function but
also form vital foundations for developing diagnostic tools and
treatment strategies. 3733

In the brain’s neural network, the rhythmic oscillations of
neuronal electrical potentials induce time-varying electromag-
netic fields, which subsequently exert regulatory effects on
the very electrophysiological properties that initiated them. [*]
Reference [40] introduces the impact of electromagnetic ra-
diation into scale-free neural networks. The research shows
that under appropriate electromagnetic radiation intensity, a
neural network can achieve good synchronization. Njitacke et
al. studied the impact of electromagnetic flux on the dynam-
ics of the introduced heterogeneous coupled neuron model. [4!]
Reference [42] systematically studied the dynamic behavior
of an improved discrete Izhikevich neuron model exposed to
external electromagnetic stimulation, and the impact of elec-
tromagnetic radiation on the ring-star neural network model
of the Izhikevich neuron was also considered. In Ref. [43],
a small-world neural network with electrical synaptic connec-
tions was constructed, and the inverse stochastic resonance of
the small-world neural network under electromagnetic radia-

tion stimulation was investigated by analyzing the dynamics

Vl'(l+ 1) = Vi(l) +0.04v,-(
+ Dgtar €1 i(Vl(
ui(t+1):uz( )—l—a(bv,(t ())

if v,-(t+1)230{ E )):u+d
oi(t+1)=

0.1(sgn (9 (¢)) +sgn (¢i (1) +2) +sgn (¢ (1) —2) —

of the neural network.

Howeyver, neuronal connections in real brain neural net-
works exhibit complex topological structures that lie between
regular and random. Based on these considerations, this pa-
per proposes a more biologically plausible network model —
the ring-star neural network model with small-world proper-
ties (RS-SWNN). The main contributions of this paper are as
follows: 1) A new RS-SWNN is proposed to simulate the neu-
ron connections in real brain neural networks. 2) The effect of
coupling strength on the dynamic performance of RS-SWNNs
in three modes is studied. 3) The influence of electromagnetic
radiation induction intensity on the dynamic behavior of RS-
SWNNE.

The article is structured in the following manner. Sec-
tion 2 establishes the model, detailing the discrete memris-
tor model and the RS-SWNN model based on Izhikevich neu-
rons. Section 3 examines the correlation between the coupling
strength and the dynamic behavior of the RS-SWNN, as well
as the impact of electromagnetic radiation induction on the
RS-SWNN’s dynamics. Section 4 presents the conclusions.

2. Model construction
2.1. Discrete memristor model

This study uses memristors to simulate electromagnetic
induction effects based on the four-state discrete memristor
outlined in Ref. [40]. The discrete memristor framework is
detailed below:

i(n) =W(¢(n))v(n) = ¢(n)v(n),
¢(n+1)=0.1(sgn(¢(n)) +sgn(¢(n+2)) (1)
+sgn(p(n—2))—d(n))+ ¢(n)+0.01v(n).

Here, i(n) signifies the current, v(n) denotes the voltage,
W (¢(n)) stands for the memductance, and ¢ (n) indicates the
internal state of the memristor.

2.2. RS-SWNN model

To reflect the heterogeneity of neural networks, we con-
structed an RS-SWNN. We introduce discrete Izhikevich neu-
rons as the nodes of the network while using discrete memris-
tors to simulate electromagnetic radiation. The model consists
of 200 nodes, with node 1 serving as the central node and the
remaining nodes as peripheral ones. The mathematical repre-
sentation of peripheral nodes is as follows (i € [2,200]):

l‘)2+5\1,’(l)+ 140714,‘([) +1
t) _Vi([))+Drinng:2€i,j (Vj(t) _Vi(t)) +k¢i(t)vi(t)7

@

i (1)) + i (1) +0.01v; (1) .
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The central node can be described as follows:

vit+1)=v
ur(t+1) =u (1) +a(bvi(t) —u (1)),
R A
¢1(r+1) =0.1(sgn(¢1 (1)) +sgn (¢ (1) +2)+sgn (¢ (1) —2) —

Equation (2) consists of two coupling terms: Dyjpe and
Dygtar- They are the coupling strength among peripheral nodes
and the coupling strength between the central node and pe-
ripheral nodes. Here, v; represents the membrane voltage (in
millivolts), and u; is the recovery variable. The variables a,
b, c, and d are dimensionless parameters, and [ represents the
external input current. The reset of the state variables is as
follows: if v > 30 mV, then u — u+d, and v — c. & ; is the
connection matrix, which determines whether a connection is
established between nodes, while k represents the intensity of
electromagnetic radiation. Equation (3) describes the dynamic
behavior of the central node. Due to the unique position of the
central node, it includes only the Dy, term.

The ring-star network is a relatively unique and complex
network model that combines the advantages of star topology
and ring topology, forming a distinctive network structure. In
a traditional star network, all nodes are connected through a
central node, with all data transmission relying on the cen-
tral node. In contrast, in a ring network, nodes are intercon-
nected in a ring-like structure, forming a closed loop, where
data is transmitted along the ring, with each node forward-
ing to the next node. The ring-star network merges these two
structures by linking the central node to the nodes within the
ring configuration. This leverages the centralized control of
the central node to simplify management while enhancing re-
dundancy and fault tolerance through the ring structure.

Figure 1[4%)

illustrates a schematic diagram of a ring-star
network consisting of N nodes. In this network, the outer ring
structure is composed of N — 1 nodes. Each outer node is con-
nected not only to its immediate neighbors on the left and right

but also to a node in the central star topology.

.><.A
‘ 1// \
.4__’——>.<v5?.
./ ‘.

Fig. 1. Schematic diagram of the ring-star network.

1(2) +0.04vy (1) +5v1 () + 140 — uy (1) +I+Dstarzj €1 (vi(t) —vi(®)) + ki ()vi(2),

3

¢1 (1)) + @1 (1) +0.01vy (¢).

Figure 2 illustrates the modified ring-star network model.
In this model, some regular connections from the classical
ring-star network are removed; thus, the RS-SWNN model is
constructed.

As shown in Fig. 2, the red lines represent the original
regular connections in the ring-star network, while the blue
lines indicate newly added connections after disconnection
and reconnection. Specifically, we disconnect and reconnect
the nodes on the ring network with a probability of P; = 0.1.
That is, we randomly disconnect a node from one of its adja-
cent nodes and establish a new connection with another ran-
dom node within the ring. This process disrupts the origi-
nal local regular connection structure, thereby imparting typ-
ical small-world characteristics to the ring network. Mean-
while, with a probability of P, = 0.2, we randomly disconnect
the connections between the central node and the peripheral
nodes, reducing the central node’s absolute control over the
network and ensuring that the central node no longer directly
connects to all peripheral nodes. Some peripheral nodes can
interact through the central node, while others can interact di-
rectly with each other. Through these steps, the model retains
the important role of the central node while enhancing the flex-
ibility of interactions among the peripheral nodes.

Fig. 2. Schematic diagram of the RS-SWNN.

3. Dynamical behavior analysis of the RS-
SWNN

The dynamic behavior of the RS-SWNN can be con-
trolled by adjusting the coupling strength parameters to
achieve three typical working modes. Mode-I (ring-dominated
coupling) only considers the coupling between peripheral
nodes (Dying 70, Dgtar = 0), and the influence of the central
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node is ignored. Mode-II (star-dominant coupling) only con-
siders the coupling between the central node and the periph-
eral nodes (Dsar #0, Dying = 0), the direct interaction between
the peripheral nodes is ignored, and the control of the entire
network by the central node becomes the dominant feature.
Mode-III (hybrid coupling) considers both the coupling be-
tween the central node and the peripheral nodes and the inter-
action between the peripheral nodes (Dsgar 7 0, Dying #0). The
remaining system parameters are distributed as follows: d =2,
c=-55,b=0.25,a=0.02,and I = 1.

3.1. Influence of coupling strength on synchronization
3.1.1. Dynamic behavior of the RS-SWNN in mode-I

In this section, we consider only the influence of coupling
strength on the network, with the electromagnetic radiation in-
tensity set to k = 0. In neural networks, it is generally be-
lieved that network synchronization increases monotonically
with coupling strength. However, in the mode-I RS-SWNN,
the degree of synchronization does not exhibit a monotonic
increase as Drying increases. As shown in Fig. 3, we record the
dynamic behavior of the RS-SWNN in mode-I at Dy, values
of 0.001, 0.008, and 0.065. Figure 3(a) shows the spatiotem-
poral diagram of the RS-SWNN in mode-I at Dyjpg = 0.001.
It can be observed that when the coupling strength is low, the
firing differences between neurons remain small, and the syn-
chronization of the network is not completely disrupted. Fig-

(a)

—
=3
=

ure 3(b) records the firing moments of all neurons in the net-
work, where each point represents a neuron’s firing instance,
clearly reflecting that most neurons exhibit minimal differ-
ences in firing times.
based on Fig. 3(b). Specifically, we calculate the time dif-

Figure 3(c) provides a visualization

ference for each firing event across all neurons, then compute
the overall average to obtain a differential heat map of firing
moments. When all neurons fire at the same moment, indi-
cating a fully synchronized state, the firing time differences
are zero, and the corresponding differential heat map of firing
moments appears dark blue. When Dy, increases to 0.008,
it can be observed from Figs. 3(d)-3(f) that the synchroniza-
tion of the network is significantly disrupted compared to the
previous state. The firing times of neurons become more dis-
persed, indicating a decline in overall network synchroniza-
tion. The enhanced interactions between neurons produce de-
structive interference with the original firing pattern. As Dyjpe
increases, instead of improving synchronization, the network
exhibits greater irregularity. When Dy = 0.065, the network
exhibits strong synchronization characteristics. As shown in
Figs. 3(g)-3(i), the firing times of all peripheral nodes, except
for the central node (node 1), align almost perfectly along a
single trajectory, demonstrating a clear synchronization pat-
tern. Additionally, the network exhibits a chimera state, where
some nodes display synchronization while the central node
maintains independent behavior.
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Fig. 3. Spatiotemporal diagrams (left), firing moments (middle), and heat map of firing moment differences (right) for coupling strengths

Dytar = 0, Dying of 0.001, 0.008, and 0.065.
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In summary, in mode-I of the RS-SWNN, during the ini-
tial stage when the coupling strength Dy, is weak, it is in-
sufficient to affect the firing behavior of neurons. Each neu-
ron fires independently based on its dynamical characteristics,
and the network maintains good synchronization. In the transi-
tional stage, as Dying increases, neurons begin to influence each
other through coupling interactions. The coupling strength is
not yet strong enough to control the firing frequency of other
neurons, but it is sufficient to disrupt their original frequen-
cies, leading to a deterioration in synchronization. When Dyjne
reaches an appropriate strength, the coupling between neurons
becomes strong enough to overcome the differences in individ-
ual dynamical properties. Neurons gradually become “locked”
into a unified firing rhythm through coupling interactions, and
the network exhibits good synchronization. In comparison, as
Diing increases, the synchronicity of ordinary ring-star neural
networks decreases monotonically, and non-monotonic syn-
chronization does not occur.

3.1.2. Dynamical behavior of the RS-SWNN in mode-
|

Next, we consider the effect of the coupling strength Dy,

on the dynamics of the RS-SWNN in mode-II. As shown in

Fig. 4, the dynamic behavior of the RS-SWNN in mode-II

is recorded for Dg,, values of 0.001, 0.008, and 0.01. Simi-

larly, by fixing Dy, it is observed that compared to the case
with Dy, = 0.001, the network synchronization is worse. As
shown in Figs. 4(a)—4(c), the RS-SWNN in mode-II still ex-
hibits characteristics of a chimera state, with partial synchro-
nization observed in some regions of the network. For exam-
ple, local synchronization is evident between nodes 140 to 160
and nodes 15 to 35. As Dy, continues to increase, the dynam-
ical characteristics of the RS-SWNN in mode-II begin to show
significant differences compared to the RS-SWNN in mode-I.
As shown in Figs. 4(d)—4(i), the synchronization of the RS-
SWNN in mode-II exhibits a monotonic change, with synchro-
nization continuously decreasing. When Dy, = 0.01, the syn-
chronicity of the network is further weakened, the chimeric
state disappears, and the network presents an asynchronous
state.

In summary, with a small Dgy,, the interaction between
the central node and the peripheral nodes is insufficient to
fully dominate the overall behavior of the network. The RS-
SWNN in mode-II shows a complex dynamic state of partial
synchronization and asynchronous coexistence. As Dy, in-
creases further, it only serves to continuously disrupt the orig-
inal firing behavior of neurons, but unlike Dy;pg, it is unable to
allow neurons to adjust their firing patterns to re-establish new
firing behaviors and achieve synchronization.

(c)
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Fig. 4. Spatiotemporal diagrams (left), firing moments (middle), and heat map of firing moment differences (right) for coupling strengths

Dying = 0, Dytar 0f 0.001, 0.008, and 0.01.
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3.1.3. Dynamical behavior of the RS-SWNN in mode-
i

Figure 5 records the dynamic behavior of the RS-SWNN
in mode-IIT under the fixed condition D, = 0.01 for different
values of Dyjng. When Dyjpg = 0.001, as shown in Figs. 5(a)-
5(c), the strong coupling strength Dg,, between the central
node and the peripheral nodes exerts a significant controlling
effect on the peripheral nodes, and the entire network is asyn-
chronous. However, when Dy, increases to 0.015, as shown
in Figs. 5(d)-5(f), a significant improvement in the synchro-
nization of the network can be observed. The increased cou-
pling between peripheral nodes can enhance the interaction be-
tween local nodes, allowing peripheral nodes to overcome the
control effect from the central node and ultimately show good
synchronization. This change shows that although the strong
coupling effect (Dgr) of the central node will destroy the syn-
chronization of the network in the initial stage, as Dyjpg con-
tinues to increase, the synchronization of the network shows a

monotonically increasing trend.

The above results indicate that in the RS-SWNN in mode-
IIL, the coupling strength among peripheral nodes, Diyg, plays
a crucial role in regulating network synchronization behavior.
Appropriately enhancing the mutual coupling between periph-
eral nodes can effectively counteract the disruptive effect of
the central node on network synchronization, thereby promot-
ing the entire network to achieve a highly synchronized state.

Table 1 summarizes the influence of coupling strength
on the synchronization behavior of the RS-SWNN in three
modes. In mode-I, ring coupling needs to reach a thresh-
old strength to re-establish synchronization, showing the
“destruction-reconstruction” nonlinear characteristics.  In
mode-II, the enhancement of star coupling only destroys syn-
chronization, and synchronization cannot be restored by ad-
justing Dgiar. In mode-III, coupling between peripheral nodes
is a key factor to break the control of the central node and
achieve global synchronization.

(c)

200(F n—200
180 20
—160
140 0
“ = j 9 —120
o P
< 100 —20 = j00f <
s) [5) K = —80
z 2 ; i
60 —40 "
50[H —40
20 —60 1
: ol 0
5000 5400 5800 5
Time
(d)
200 n—200
180 20
—160
140 0 150
B | ! —20 § % —120
< 100 . 5 100 o
z \ {0 2 s —80
60 : I
. - —60 50 —40
201 § g .1 l-s0 0
5000 5400 5800 %000 5400 5800 50 100 150 200
Time Time Index

Fig. 5. Spatiotemporal diagrams (left), firing moments (middle), and heat map of firing moment differences (right) for coupling strengths

Dygar = 0.01 and Dy = 0.001, 0.015.

Table 1. Impact of coupling strength on RS-SWNN synchronization.

Mode Coupling parameters  Observations & conclusions
Dring = 0.001, network maintains good synchronization.
Mode-I Dring T Dstar = 0 Dying = 0.008, synchronization deteriorates.
Dying = 0.065, network resynchronizes; central node independence.
Dyiar = 0.001, partial synchronizati ists with asynch himera state).
Mode-II Dyar 1 Ding =0 star , partial sync! I'OIl‘IZd ‘1on coexists YVI async. rony (c .1mera state)
Dgar T (0.008-0.01), synchronization monotonically declines, leading to complete asynchrony.
Mode-Ill  Digr = 0.01 Dyng 1 Dying = 0.001, strong central node control results in network asynchrony.

improving synchronization.

Dying = 0.015, enhanced peripheral coupling counteracts central node interference, significantly

3.2. The influence of electromagnetic radiation on syn-
chronization

To make the RS-SWNN more representative of the real
working environment of the brain, a global electromagnetic
radiation effect is introduced, allowing all neurons to be influ-

enced by electromagnetic radiation. Since the impact of elec-
tromagnetic radiation is similar in the RS-SWNN in mode-II,
mode-I, and mode-III, this section presents only the dynamic
behavior of the RS-SWNN in mode-I under different electro-

magnetic radiation intensities k.
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With the coupling strength fixed at Dy, = 0.001 and the
electromagnetic radiation intensity set to k = 0.001, a com-
parison between Figs. 6(a), 6(b) and 3(a)-3(c) reveals that the
electromagnetic radiation effect can significantly disrupt net-
work synchronization. Despite the small k value, the electro-
magnetic radiation is sufficient to disturb the original firing
rhythm of neurons, causing the network to exhibit more dis-
ordered dynamical behavior. When the electromagnetic radi-
ation intensity increases to k = 0.01, as shown in Figs. 6(c)
and 6(d), the network remains in an asynchronous state. How-
ever, compared to the case of k = 0.001, the firing frequency

Nodes

Time

Nodes

Time

of neurons increases significantly, exhibiting higher activity.
This indicates that as the electromagnetic radiation intensity
strengthens, network synchronization does not improve, but
individual neuronal firing becomes more frequent due to stim-
ulation.

In summary, the experimental results demonstrate that the
electromagnetic radiation effect has a significant impact on the
dynamical behavior of the RS-SWNN in mode-I. Even at rel-
atively small k values, it can disrupt network synchronization,
while stronger electromagnetic radiation enhances the firing
frequency of individual neurons.

(b)
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=
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Fig. 6. Spatiotemporal diagrams (left) and firing times (right) for Dyiar = 0, Dying = 0.001 under electromagnetic radiation intensities k = 0.001

and k =0.01.

When Dy increases to 0.008 and k& = 0.001, as shown
in Figs. 7(a) and 7(b), a comparison with Figs. 3(d) and 3(e)
reveals that the RS-SWNN in the mode-I model exhibits sim-
ilar dynamical behavior to the case without electromagnetic
radiation, with poor network synchronization. However, when
k increases to 0.008, an interesting phenomenon appears in
Figs. 7(c) and 7(d): the network shows good synchronization,
with almost all neurons’ firing times aligning. This is differ-
ent from the phenomenon observed when Dyjpe = 0.001 and
k=10.01.

The electromagnetic radiation intensity & has a significant
modulatory effect on the synchronization of the RS-SWNN in
mode-I. Under the fixed coupling strength Dyjpe = 0.008, when
k increases, the synchronization of the network is significantly
enhanced. In comparison, as k increases in the ordinary star
ring network, the synchronization of the network does not in-
crease.

To further explore the effects of electromagnetic radi-
ation, we increased the coupling strength to Diyye = 0.065.

When electromagnetic radiation is introduced at k = 0.001,
a comparison with Figs. 3(g) and 3(h) reveals that the RS-
SWNN in the mode-I model exhibits similar dynamical behav-
ior to the case without electromagnetic radiation. As shown
in Figs. 8(a) and 8(b), the spatiotemporal diagram displays
a uniform color distribution, and in the firing time diagram,
neuron firing times form distinct stripe-like patterns, indicat-
ing that nearly all neurons fire synchronously. This suggests
that under strong ring coupling, the network has entered a
highly synchronized and stable state. This behavior is en-
tirely different from the case where Dyjpe = 0.001, in which
network synchronization is severely disrupted under the same
electromagnetic radiation intensity of k = 0.001 (see Figs. 6(a)
and 6(b)). When k is further increased to 0.008, as shown in
Figs. 8(c) and 8(d), the increase in k not only leads to a higher
firing frequency of neurons but does not produce any signifi-
cant changes in the overall synchronization of the RS-SWNN
in mode-1I.
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Fig. 7. Spatiotemporal diagrams (left) and firing times (right) for Dyt = 0, Diing = 0.008 under electromagnetic radiation intensities k = 0.001
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Fig. 8. Spatiotemporal diagrams (left) and firing times (right) of the RS-SWNN with coupling strength Dytar = 0, Dyjng = 0.065 and electro-

magnetic radiation strengths k£ = 0.001 and k& = 0.008.

In summary, the experimental results validate the decisive
role of the ring coupling strength Dyjyg on network synchro-
nization. Although electromagnetic radiation exerts a certain
modulating effect on the firing rhythm, its influence is rela-
tively weak under strong ring coupling, and the neurons still
maintain a high degree of synchronized firing.

For neural networks, the electromagnetic radiation ef-

fect can be regarded as an external perturbation. Under weak
coupling conditions (e.g., Dying = 0.001), the connections be-
tween neurons are relatively loose, and neurons fire indepen-
dently based on their intrinsic properties. Consequently, even
a slight external perturbation (such as an electromagnetic ra-
diation intensity of (k = 0.001) can easily disrupt the orig-
inal firing activity of neurons, leading to desynchronization
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in the RS-SWNN in mode-I. As Dy, increases, the connec-
tions between neurons become tighter. At this stage, Dring
first disrupts the original firing activities of neurons, leading
the network into an asynchronous state. Under these condi-
tions, the role of electromagnetic radiation is not merely an
external disturbance; it may also act as an “external coordinat-
ing signal”. When k increases (k = 0.01), even when intrinsic
coupling is insufficient to establish global synchronization, as
a driving term, electromagnetic radiation can adjust the firing
frequency of neurons and help the firing behavior of neurons
in the network to become consistent. Consequently, the RS-
SWNN in mode-I exhibits improved synchronization. How-
ever, when the coupling strength Dy, is sufficiently strong
(€.g., Dring = 0.065), the tight coupling between neurons is

sufficient to resist external disturbances. Regardless of the
variations in electromagnetic radiation intensity k, the syn-
chronization of the neuronal network remains unchanged. Ad-
ditionally, it can be observed that as the k value continues to
increase, neuronal firing activity in the RS-SWNN in mode-
I becomes more frequent, regardless of the coupling strength
Dring. This phenomenon is closely related to the Izhikevich
neuron model. As the value of k increases, it simultaneously
enhances the input signals to neurons, making the neuronal
membrane potential more active, thereby promoting neurons
to generate action potentials at a higher frequency. Table 2
summarizes the regulating effect of electromagnetic induction

on network synchronization behavior.

Table 2. Impact of electromagnetic radiation on RS-SWNN synchronization.

Coupling strength ~ Electromagnetic radiation & Observations & conclusions

Ding — 0.001 k=0.001
k=0.01
k=0.001
Dying = 0.008 L — 0.008
k=0.001
Dine = 0.065
e k =0.008

Weak radiation disrupts synchronization; network becomes asynchronous.
Neuronal firing frequency remains stable.

Network remains asynchronous, but neuronal firing frequency increases significantly.
Synchronization behavior similar to the no-radiation case.

Synchronization significantly improves; neurons exhibit highly aligned firing times.
Network maintains high synchronization; radiation has minimal impact.

Neuronal firing frequency increases, but synchronization remains unaffected.

4. Conclusion

This paper proposes the RS-SWNN for the first time and
studies its dynamic behavior according to different settings of
coupling strengths Dyjye and Dyt Unlike existing research,
in the RS-SWNN in mode-I, as Dy, increases, it first dis-
rupts the original firing activity of neurons, then establishes
new firing behavior, and eventually leads to synchronization.
In the RS-SWNN in mode-II, although an increase in Dy, can
disrupt the firing activity of neurons, it does not further pro-
mote synchronization. In the RS-SWNN in mode-III, Dyipg
plays a decisive role in determining the synchronization of the
network. Moreover, this paper also investigates the effects of
electromagnetic radiation on the network and analyzes how
electromagnetic radiation modulates network synchronization
under different coupling strengths. Although these findings
provide valuable insights into the study of synchronization
mechanisms in neural networks, the network size is fixed at
N = 200, which may limit the generalizability of the findings
to larger-scale networks. Furthermore, because no noise mod-
eling was performed, the potential effects of environmental
fluctuations are ignored. Going forward, we expect that in-
tegrating various methods and perspectives will enhance the
understanding of synchronization dynamics in complex neural

systems.
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