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SPECIAL TOPIC — Biophysical circuits: Modeling & applications in neuroscience
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The neural networks of the human brain exhibit dual structural characteristics of small-world and scale-free networks,
and their electrical activity is readily modulated by electromagnetic fields. Constructing neural network models that mimic
biological structures is crucial for elucidating the brain’s information processing mechanisms and the pathological basis of
neurological disorders. This paper constructs a small-world scale-free neural network (SWSFNN) model under electromag-
netic effects using discrete memristors. By optimizing network topology via graph theory, we systematically investigate
how memristor initial values and electromagnetic induction intensity influence the network dynamics. Numerical simula-
tions reveal that memristor initial values affect neuronal firing patterns and regulate network synchronization. We further
find a spontaneous “synchronization—cluster synchronization—synchronization” transition under constant parameters. This
finding demonstrates that, even in the absence of parameter variations, the inherent nonlinear interactions within the neu-
ral network system can drive spontaneous state transitions, thereby generating rich dynamical behaviors. Furthermore,
increasing electromagnetic induction intensity also enhances network synchronization. This study provides a theoretical
foundation for understanding the nonlinear dynamical mechanisms and synchronization control of neural networks in elec-

tromagnetic environments, offering insights for neural computation and information processing.

Keywords: synchronization, electromagnetic effect, small-world characteristics, memristor
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1. Introduction

In 1971, Professor Chua,!!! starting from the complete-
ness of circuit theory and based on the four fundamental phys-
ical quantities — voltage, current, charge, and magnetic flux
— hypothesized the existence of a fourth fundamental pas-
sive component beyond resistors, capacitors, and inductors.
He first proposed the theory of memristors, and this theory
was successfully verified experimentally by HP Laboratories
in 2008.121 Owing to its unique nonlinearity and memory char-
acteristics, the memristor exhibits complex dynamical prop-
erties within neural networks. Furthermore, its advantages
— including nonvolatile storage capability, low power con-
sumption, and high integration density — offer novel research
avenues for artificially simulating synapses and constructing

[34] These properties confer vast applica-

brain neural models.
tion prospects for memristor-coupled neural networks in fields
such as the IoT, image encryption, secure communication, and
chaotic modeling. !>~

Recently, the investigation of neural networks from a
physical perspective has garnered increasing attention.!!‘]
This approach motivates the construction of more biophysi-
cally plausible models by incorporating elements with clear

physical interpretations. For instance, a novel thermosen-

TCorresponding author. E-mail: minglin_.ma@xtu.edu.cn

CSTR: 32038.14.CPB.ae3609

sitive neural circuit was constructed by embedding a ther-
mistor into a memristive FitzHugh—-Nagumo model, which
successfully mimics the process of perceiving environmental
temperature.!'!! Extending this physical modeling paradigm,
our work focuses on the electromagnetic induction effect in
neurons. From a biophysical standpoint, neuronal electrical
activity involves the redistribution of ions across the mem-
brane. According to the laws of electromagnetism, these fluc-
tuating ion currents generate time-varying magnetic fields,
which in turn induce electromotive forces that feedback to
modulate the membrane potential — a phenomenon known
as the electromagnetic induction effect. To capture this funda-
mental coupling between charge and magnetic flux, the flux-
controlled memristor provides an ideal mathematical frame-
work. Its distinct physical characteristics allow it to represent
electromagnetic effects induced by external electromagnetic
fields or internal membrane potentials of neurons, thereby
enabling the simulation of neural dynamics in electromag-
netic environments.'?! He et al.!'3) introduced a model named
MDW-FOMHNN, which is a fractional-order Hopfield neural
network incorporating memristive electromagnetic radiation
to produce complex chaotic dynamics. Based on the MDW-
FOMHNN, they also designed a straightforward yet effective
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encryption/decryption algorithm, highlighting the immense
application potential of memristive electromagnetic phenom-
ena.

To simulate more complex, large-scale networks, re-
search has shifted to the computationally efficient discrete do-
main. Recently, discrete memristors and maps have gained
significant interest owing to their superior efficiency and dy-
namic richness. Bao er al.l'* proposed a general discrete
memristor model and constructed discrete memristive hy-
perchaotic maps, revealing coexisting bi-stable and initial-
boosted behaviors. In the context of neural networks, Li et
al.'"3) developed a memristive Rulkov neuron model to inves-
tigate magnetic induction effects, identifying complex regime
transitions. Furthermore, discrete memristive Hopfield neu-
ral networks have been constructed to explore memristor-
state-based encryption schemes and heterogeneous neuron
dynamics.!'®!7] These works provide strong theoretical sup-
port for utilizing discrete models to simulate electromagnetic
effects in large-scale neural systems.

In memristive neural network research, synchronization,
as a typical characteristic, represents the most fundamental
mode of neuronal information transmission. It effectively
captures neuronal states and patterns within complex neu-
ral networks. Most pathological neurological disorders, in-
cluding epilepsy, tremors, and Parkinson’s disease, are in-
trinsically linked to abnormal neuronal synchronization.!!8-2!]
Muni et al.'??) investigated the impact of electromagnetic in-
duction on a ring-star network of Chialvo neurons and discov-
ered the emergence of multiple dynamical regimes, such as
chimera states, asynchronous states, and synchronous states.

1.1231 proposed a fractional memristive Rulkov neu-

Tang et a
ron model (FMRN), which integrates the fractional discrete
HP-type memristor (FDM-HP) into a single fractional Rulkov
neuron (FRN). Simulation results indicate that this integration
enriches neural system dynamics, enabling synchronous firing
rhythms and generating novel firing patterns.

However, past studies on the effects of the electromag-
netic environment on neural networks have primarily focused
on simple models. On the one hand, higher-level brain func-
tions similarly rely on the collaborative action of neurons and
neural clusters across different brain regions. On the other
hand, understanding neural network topology is essential in
neuroscience research, as the underlying structure of a net-
work also influences the dynamical behaviors of neural sys-
tems. Consequently, scholars have shifted their focus to com-
plex neural networks, making them a focus of current re-
search. Complex network theory, grounded in graph theory,
integrates methods from statistical physics and nonlinear dy-
namics. Renowned scientist Qian Xuesen®¥ provided a rela-
tively rigorous definition: networks exhibiting some or all of
the following properties — self-organization, self-similarity,

attractors, small-world characteristics, and scale-free behav-
ior — are termed complex networks. Among these, small-
world networks and scale-free networks!?>! represent two crit-
ically important network architectures within complex net-
works, attracting extensive attention from researchers.[26-301
Yuan et al.3!! proposed a novel small-world neural network
using Rulkov neurons, in which the method for determining
network coupling strength mimics the construction process of
small-world networks, positioning the neural network’s cou-
pling strength between randomness and regularity. Deng ef
al.B? proposed a novel discrete memristive-coupled scale-
free neural network. Through dynamical analysis of the initial
state, coupling strength, and information transmission delay of
memristive synapses, they revealed coexisting neuronal firing
patterns and spatiotemporal behaviors including asynchrony,
chimera states, synchronization, and synchronization transi-
tions.

Biological experiments based on medical imaging data
(e.g., magnetic resonance imaging (MRI), functional mag-
netic resonance imaging (fMRI), and electroencephalography
(EEQ)) indicate that brain topology exhibits characteristics of
both small-world and scale-free.*3-3%1 Guo et al. 3® employed
the Izhikevich neuron model as a basic unit to construct neural
networks with several distinct topologies, including random
networks, regular networks, small-world networks, scale-free
networks, and scale-free networks with small-world proper-
ties. They then compared the robustness of neural networks
under external noise and found that scale-free networks ex-
hibiting small-world properties demonstrated the greatest ro-
bustness to external noise, revealing an intrinsic link between
topological structure and functional stability. To more real-
istically simulate neural networks, it is necessary to consider
networks that incorporate multiple properties. Therefore, this
study employs discrete memristors to simulate the effects of
external electromagnetic fields and constructs a neural net-
work model that combines small-world and scale-free char-
acteristics. The dynamical behaviors of this network are then
analyzed from two perspectives: memristor initial values and
electromagnetic induction intensity.

The main contributions of this paper are as follows:
(i) the construction of a neural network model with small-
world and scale-free properties under electromagnetic effects
using discrete memristors to simulate external electromag-
netic fields; (ii) investigation of the impact of memristor ini-
tial values on neural network dynamics; (iii) discovery of
a “synchronization—cluster synchronization—synchronization”
transition phenomenon under constant parameters; (iv) analy-
sis of the influence of electromagnetic induction intensity on
neural network dynamics.

This paper is organized as follows. Section 2 introduces
the discrete memristor model, dual-property neural network,
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and the proposed SWSFNN model under electromagnetic ef-
fects. Section 3 provides a detailed analysis of the network’s
complex dynamical behaviors from the perspectives of mem-
ristor initial values and electromagnetic induction intensity.
Section 4 summarizes our conclusions.

2. Construction of SWSFNN under memristive
electromagnetic effects

2.1. Discrete memristor model

The discrete memristor used in this study is adopted from
Ref. [37], and is described as follows:

i(n) = W((n))v(n) = @(n)v(n),
@(n+1)=0.1f(¢)+0.9¢(n)+0.01v(n), (1)
f(o(n)) = sgn(@(n)) +sgn(@(n) +2) +sgn(@(n) - 2).

Here, i(n) and v(n) represent the current and voltage, respec-
tively. W(¢(n)) denotes the memristive conductance, where
¢(n) denotes the discrete memristor’s internal state variable.
¢ (n+ 1) indicates the next state of the memristor, and f is the
sign function.

With the initial value set to ¢(0) = —1, a sinusoidal volt-
age V = Asin(2mFn) is applied to the discrete memristor. The
current—voltage characteristic curve is shown in Fig. 1. These
curves exhibit the expected dependencies: Fig. 1(a) illustrates
that, at a fixed frequency (F = 0.1), the hysteresis loop area
increases as the amplitude rises from 2 to 4. Furthermore,
Fig. 1(b) demonstrates that the loop area is highly dependent
on frequency while holding the amplitude at A = 5. As the
frequency approaches infinity, the hysteresis loop contracts to
a single-valued function. The simulation results demonstrate
that the proposed discrete memristor exhibits the fingerprint
characteristics of generalized memristors.

61 8
sh (@) A=o 6\(b) —F=0.1
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=2 g
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Fig. 1. Fingerprint characteristics of the discrete memristor: (a) At a fixed
frequency F, for A =2, 3, and 4. (b) At a fixed amplitude A, for F = 0.1,
0.4, and 0.7.

Different initial values can lead to convergence to distinct
equilibrium points. Figure 2(a) shows that the discrete mem-
ristor settles into four distinct stable states with initial values
of —3,
Based on the multistability analysis shown in Fig. 2(a), the

—1, 1, or 3, indicating its quadristable characteristic.

power-off plot (POP) is presented in Fig. 2(b) to further ver-
ify the non-volatility of the device. The POP curve exhibits

four intersections with the horizontal axis, each with a nega-
tive slope. These intersections correspond to the device’s sta-
ble equilibrium points, thereby providing theoretical support
for the device’s non-volatile storage capability.
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Fig. 2. Physical characteristics of the flux-controlled discrete memristor:
(a) Multistability characteristics of the discrete memristor. (b) Power-off
plot (POP) for non-volatility analysis.

2.2. Dual-property neural network

The Barrat-Barthélemy—Vespignani (BBV) algorithm
generates weighted scale-free networks by combining net-
work growth with the dynamical evolution of link weights.3®!
Building upon this foundation, our study employs an improved
BBV algorithm to establish a small-world scale-free network
with N = 200 nodes, which allows the network clustering co-
efficient to be tuned over a wide range. 3”491 The steps of the
algorithm are as follows.

(i) Initial network Initially, a fully connected network
with my = 4 nodes is generated, yielding an average degree of
3, where all edge weights are initialized to wy = 1.

(ii) Incorporating a new node With probability p (where
p € (0,1]), anew node u is incorporated into the network. This
node connects to three distinct pre-existing nodes, thereby
forming three edges. A weight-priority mechanism governs
the selection process for these connections. The probability

I1,_,; of choosing an existing node i is given by

S:
Hu%i = 27;17 (2)
S; = Z W,'j.

Jer (i)

Here, 5; and w;; denote the node strength and edge weight, re-
spectively. Node i represents an existing node selected for con-
nection by node u, while node j denotes a neighboring node
of i. The network generation process is considered complete
once the total number of nodes reaches N.

(iii) Incorporating new edges With probability 1 — p, no
new node is added to the network; instead, two new edges are
introduced. The creation of each new edge between two exist-
ing nodes is governed by a triplet formation mechanism.

First, a random edge {a, b} is selected. Subsequently,
a third node c is selected from the neighbors of a (subject to
¢ # b) according to the following weight-priority rule:

Wac

nn=———,.
‘ (Sa_wab)

3
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The relationship between nodes ¢ and b is then examined.
If they are not connected, a new edge {b,c} is established with
wpe = 1. Simultaneously, the weights w,;, and w,, are both in-
cremented by 1. Conversely, if an edge already exists between
c and b, the weights wy,., wyp, and w,. are all incremented by
1. The triplet formation mechanism is illustrated in Fig. 3.

3 1
“ec\eé a = b
oL oo
<. ®
2 1
2
a 3 b
2 1
be. 2
" Co,
”e%d a 4 b
3 2

C

Fig. 3. Mechanism diagram of triplet formation. Pink dots represent
neurons; green lines denote inter-neuronal connections. The numbers ad-
jacent to green lines indicate connection weights; larger numbers corre-
spond to thicker lines and stronger connections.

Following these procedures, a weighted small-world
scale-free neuronal network (SWSFNN) can be constructed.
As the present study only requires consideration of the net-
work topological structure, the weighted network is converted
into a binarized network: an edge weight of 1 signifies an ex-
isting connection, while an edge weight of O signifies its ab-
sence. This yields the topological structure of the SWSFNN
model.

Different values of p generate networks with distinct
topological characteristics, exhibiting varying levels of small-
world and scale-free properties, along with other network at-
tributes. The selection of an appropriate p is therefore guided
by three key metrics: the average clustering coefficient (ACC),
the average shortest path length (ASPL), and the small-world
property. The definitions are as follows.

(i) The ACC quantifies the overall connection density of
the network. The clustering coefficient of node i measures
how closely its neighbors are interconnected, and the ACC is
defined as the average of all node clustering coefficients across
the network. As an indicator of network compactness, a higher
ACC implies tighter connections and greater network cohe-
sion. It is defined by

C:

1Y 2
Ry @

N & ki(ki—1)

1

where ¢; denotes the number of edges between neighbors of
node i, and k; represents the degree of node i.

(i) The ASPL measures the efficiency of information
transmission in the network. The shortest path length is de-
fined as the minimum number of steps required to travel be-
tween any two nodes i and j. The ASPL is computed as the
average shortest path length over all pairs of nodes. A lower
ASPL indicates more efficient information propagation. It is
defined as

L= 71 dij, 5
N(N—1) ;; ! )
where N denotes the total number of nodes in the network,
and d;; represents the shortest path length between node i and
node j.

(iii) High ACC and low ASPL are fundamental charac-
teristics of small-world networks. To quantify this property,
the small-world metric ¢ is introduced, combining ACC and
ASPL. It is defined as

o= C/ Crandom
L/ Lrandom ’

where C denotes the ACC and L denotes the ASPL of the
SWSEFENN, while Ciyngom and Lyangom correspond to those of
a random network with the same size and average degree. A

(6

value of o > 1 indicates that the network possesses small-
world properties, whereas o < 1 indicates otherwise. A larger
o signifies stronger small-world characteristics. The network
topological properties can be tuned via p. The small-world
characteristic curves of scale-free networks with different p
values are shown in Fig. 4(a).

& 18 0.8
f'é 16 (a) 0.7 (b)
Q . 3
£ 14 § 0.6
£ g 05
g 12 g

< =) 0.4
3 10 203
s S
: 8 0.2
56 0.1
a

4 0
0.10.20.30.40.50.60.70.80.91.0 0 20 40 60 80 100
P Degree

Fig. 4. Topological characteristics of the network. (a) Small-world char-
acteristics o of the network versus probability p. (b) Degree distribution
of the network at p = 0.3.

Figure 4(a) clearly demonstrates that the network exhibits
the strongest small-world characteristics when p = 0.3. To fur-
ther verify the scale-free property of the constructed network,
the degree distribution at p = 0.3 is plotted in Fig. 4(b). As
shown, the degree distribution follows an approximate power-
law distribution, with a small number of highly connected
hub nodes. This confirms the scale-free characteristic of the
network.[*!l Therefore, we select the topology with p = 0.3
for subsequent analysis, as it simultaneously exhibits signifi-
cant small-world and scale-free characteristics.
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2.3. SWSFNN model under memristive electromagnetic
effects

This study employs the chaotic Rulkov neuron model,**!

whose mathematical expression is given by
_ (04

Xl = @‘H’m e

Y1 = Yn —b(x, — 8),
where x and y represent the membrane potential (fast variable)
and neuron recovery variable (slow variable), respectively. o
and b are control parameters, while & denotes the external in-
put.

An external electromagnetic field is then modeled using

discrete memristors to construct an SWSFNN under electro-
magnetic effects. The model is given by

xi(n+1) = +y,-(n)+k§e,-,-(x,(n) —x;(n))

1+22(n)
+woi(n)xi(n),

yiln+1) = yi(n) — blxi(n) - 8), ®
¢;(n+1)=0.1f(¢:(n)) +0.9¢;(n) +0.01x;(n),

F(9i(n)) = sn(@(n)) + sgn(i(n) +2) + sgn(i(n) —2),

where k denotes the coupling strength, and w represents the

magnetic flux feedback intensity. « is a parameter of the
Rulkov neuron model, with 6 = —1 and b = 0.001. ¢; is
the connection matrix, where &; = 1 indicates a memristive
synapse between neurons i and j, and g;; = 0 otherwise.

3. Analysis of dynamical behaviors in SWSFNN

Abnormal neuronal firing in the brain is closely associ-
ated with the onset of numerous neurological disorders. In-
vestigating synchronized firing patterns is crucial for under-
standing perception, memory, learning, and disease mecha-
nisms. This section investigates the dynamic behaviors of the
SWSENN from the perspectives of memristor initial values
and electromagnetic induction intensity.

Numerical simulations are performed using the discrete
map in Eq. (8). Each simulation runs for 30000 iterations,
and the data shown in figures correspond to the interval
[18000,28000]. To systematically reveal different firing pat-
terns, we employ multiple visualization methods — including
spatiotemporal patterns, neuron firing diagrams, and instan-
taneous state plots — to examine how memristor initial val-
ues and electromagnetic induction intensity affect network dy-
namics. In spatiotemporal patterns, the horizontal axis denotes
time, the vertical axis denotes neuron index, and the color rep-
resents membrane potential x, where brighter colors indicate
higher values.

3.1. Effect of memristor initial values on neural network

First, system parameters are fixed at & = 3.5, b = 0.001,
0 = —1, k=0.001, and w = 0.3. The initial values of both

fast and slow variables are set to 0. We investigate how differ-
ent memristor initial values affect firing and synchronization
behaviors.

When the memristor initial value is —3, Figs. 5(al)-5(cl)
show that the network exhibits no firing activity. When it
is —1, Figs. 5(a2)-5(c2) indicate that neurons begin to fire,
exhibiting triangular bursting patterns, and the network re-
mains asynchronous. When the memristor initial value is 1,
Figs. 5(a3)-5(c3) show triangular bursting with larger ampli-
tudes, and the spatiotemporal patterns become more uniform,
indicating improved synchronization. Finally, when the initial
value is 2, Fig. 5(a4) shows more complex firing: neurons ini-
tially spike and then return to triangular bursting. Figure 5(b4)
indicates that the network is nearly synchronized. The instan-
taneous state at r = 22500, shown in Fig. 5(c4), confirms that
the network achieves complete synchronization.

In summary, increasing the memristor initial value signif-
icantly alters neuronal firing patterns and enhances synchro-
nization, leading the network from asynchrony to complete
synchronization in certain intervals.

A closer observation of Fig. 5(a4) reveals that the net-
work does not remain fully synchronized throughout the firing
process. Around t = 22000, the pattern exhibits alternating
structures, suggesting a cluster synchronization state with two
distinct membrane potential levels.

To verify this, we plot instantaneous states at r = 21500,
22000, and 22500 in Fig. 6. These are representative time
points. Figure 6(a) shows complete synchronization at t =
21500, corresponding to spiking dynamics. Figure 6(b) shows
cluster synchronization at = 22000. By ¢ = 22500, as shown
in Fig. 6(c), the network returns to a fully synchronized state
while the neurons are in a transition from bursting to resting.

Thus, under a fixed memristor initial value of 2 and all
other parameters unchanged, the constructed SWSFNN ex-
hibits a remarkable phenomenon: it transitions from com-
plete synchronization to cluster synchronization and back
to complete synchronization. As evidenced by the con-
tinuous spatiotemporal evolution in Fig. 5(a4), the sys-
tem evolves smoothly between these regimes without ex-
We refer to this
behavior as a parameter-invariant ‘“synchronization—cluster

hibiting intermediate dynamical states.
synchronization—synchronization” transition. In contrast to
previously reported synchronization transitions induced by pa-
rameter variation, the transition observed here emerges with-
out any changes in system parameters, representing a novel
phenomenon that has not been reported previously. This find-
ing suggests that neural networks possess a richer and more
autonomous repertoire of dynamical behaviors than previously
understood. Even in the absence of external parametric pertur-
bations, intrinsic nonlinear interactions within the neural sys-
tem can spontaneously drive such state transitions.
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Fig. 5. Dynamical behaviors of the neural network for memristor initial values —3,

—1, 1, and 2: (al)—(a4) spatiotemporal patterns, (b1)—(b4) time

series of the 1st (blue), 100th (red), and 200th (magenta) neurons, (c1)—(c4) instantaneous node state diagrams.
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Fig. 6. Node instantaneous state diagrams of the neural network at a memristor initial value of 2.

3.2. Effect of electromagnetic induction intensity on neu-
ral network

Furthermore, this study also demonstrates that electro-
magnetic induction intensity plays a critical role in shaping
the firing patterns of the neural network. Simulation results

indicate that appropriately tuning the electromagnetic induc-

06

tion intensity can promote synchronization in the SWSFNN,
which has important implications for pathological dynamics.
The analysis is performed with parameters set to o = 4,
b=0.001, § = —1, and k = 0.001. The initial memristor value
is set to 1, and the initial values of both fast and slow neuronal
variables are set to 0. The dynamical behavior of the neural

8708-6



Chin. Phys. B 35, 068708 (2026)

network is then examined under different electromagnetic in-
duction intensities.

When the electromagnetic induction intensity is w = 0,
i.e., there is no electromagnetic effect, Figs. 7(al)-7(cl) show
irregular spatiotemporal patterns, desynchronized firing in the
time series, and disordered scattered points, indicating asyn-
chronous behavior of the SWSFNN. However, once electro-
magnetic effects are introduced, the synchronization behavior
changes significantly.

At w = 0.1, the network exhibits a chimera state, where
synchronized and desynchronized dynamics coexist. As

shown in Figs. 7(a2)-7(c2), the first 80 nodes display irregular
spatiotemporal patterns and scattered activity, indicating asyn-
chronous dynamics, while the remaining nodes exhibit more
regular behavior, corresponding to a synchronized state.
When w = 0.3, Figs. 7(a3)-7(c3) reveal uniform spa-
tiotemporal patterns, synchronized firing in the time series,
and concentrated state distributions, indicating significantly
enhanced synchronization in the SWSFNN. These results
demonstrate that electromagnetic induction facilitates syn-

chronization in the network.

(b1) o (c1) o
1 1t ...
0 0;::';‘:_
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) —ol el
% o0
-3 —3t% °
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Fig. 7. Dynamical behaviors of the neural network under electromagnetic induction intensities w = 0, 0.1, and 0.3: (al)—(a3) spatiotemporal
patterns. (b1)—(b3) time series of the Ist (blue), 100th (red), and 200th (magenta) neurons. (c1)—(c3) instantaneous state diagrams.

4. Conclusion

This paper presents a neural network model that incor-
porates both small-world and scale-free properties, where dis-
crete memristors are employed to model the influence of ex-
ternal electromagnetic fields. The dynamical behaviors of the
SWSFNN under electromagnetic effects are systematically in-
vestigated. Numerical simulations reveal that the initial value
of the memristor not only influences neuronal firing patterns
but also plays a crucial role in regulating network synchro-
nization states.

Notably, a “synchronization—cluster synchronization—
synchronization™ transition is observed under constant sys-
tem parameters. This result indicates that neural net-
works can exhibit complex synchronous dynamics even in

the absence of parameter variation, providing important
theoretical insights into nonlinear dynamical mechanisms,
synchronization—desynchronization transitions, and informa-
tion processing in neural systems.

Furthermore, it is demonstrated that electromagnetic in-
duction intensity enhances synchronization in the SWSFNN.
These findings provide both theoretical foundations and prac-
tical implications for neural control and dynamical analysis of
neural systems under electromagnetic effects.
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