© 2025 Institute of Theoretical Physics CAS, Chinese Physical Society and IOP Publishing.

Al rights, including for text and data mining, Al training, and similar technologies, are reserved.

Printed in China Communications in Theoretical Physics

Commun. Theor. Phys. 77 (2025) 115001 (13pp)

https://doi.org/10.1088/1572-9494 /add43d
CSTR: 32041.14.CTPadd43d

An attempt to simulate the coupling of
skeletal muscle cells with neurons using a

nonlinear circuit

Guoping Sun'~ and Ying Xu'

'School of Mathematics and Statistics, Shandong Normal University, Ji’nan 250014, China
2College of Mechanical and Electrical Engineering, Tarim University, Aral 843300, China

E-mail: uryysunshine@163.com

Received 12 December 2024, revised 4 May 2025
Accepted for publication 6 May 2025
Published 4 July 2025

Abstract

CrossMark

This study delves into the role of the neuromuscular junction in communication between nerves
and muscles, as well as the importance of sarcomeres in muscle contraction. A mechanical
device and circuit model is developed to simulate the movement of sarcomeres and the

biophysical properties of skeletal muscles, including membrane potential and channel currents.
The model integrates electromagnetic, kinetic, and elastic potential energy, which is verified by
Helmholtz’s theorem. By using memristors to simulate the neuromuscular junction, the coupling
of neuronal circuits with muscle cell circuits is achieved, and dynamic analysis is conducted.
Adjusting Hamiltonian energy parameters can modulate oscillation patterns and beam
displacement, optimizing the coupling strength between neurons and muscle cells. The study
demonstrates that by manipulating energy ratios, it is possible to control the interactions between

muscle cells.
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1. Introduction

Nonlinear circuits have garnered attention for their ability to
mimic the dynamic behaviors of complex biological systems
[1-3]. They are particularly adept at replicating the nonlinear
characteristics and dynamic actions of biological systems
when simulating neurons and muscle cells. By combining
electronic components, circuit models can be constructed that
emulate the electrical behavior of biological cells [4-7].
These models are capable of simulating various states of
neurons, including resting states, spike firing states, burst
firing states, and even chaotic firing states [§—10]. Within
nonlinear circuits, inductance and magnetic flux-controlled
memristors (MFCMSs) can simulate the induced currents or
magnetic flux in neurons. These variables are instrumental in
studying the effects of magnetic fields on ion channel cur-
rents, thereby influencing the excitability of neurons [11-13].
In exploring the mechanisms of neuronal firing and their role
in neurological diseases, scientists have constructed complex
mathematical models to simulate neuronal behavior [14-17].
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For instance, based on the Hindmarsh—Rose neuron model,
researchers have considered the effects of magnetic flux and
electromagnetic induction on the cell membrane, constructing
a four-dimensional model [18]. Through interspike interval
bifurcation diagrams, they found that the model can produce
complex dynamic phenomena, including reverse period-
doubling bifurcations, reverse fold bifurcations, and period-
doubling bifurcations leading to chaos, which helps us
understand the complexity of abnormal neuronal firing
[12, 19, 20]. The application of memristors in neuronal cir-
cuits is multifaceted; they cannot only simulate the plasticity
of neural synapses but also control hidden firing phenomena
[21, 22]. Hidden firing refers to the non-manifest discharge
behavior exhibited by the system under certain parameter
conditions. By designing specific controllers, the dynamic
characteristics of neuronal circuits can be altered, thereby
eliminating undesired hidden firing phenomena, which is of
great significance for understanding neurological diseases
[23]. Furthermore, memristors can be coupled with photo-
tubes to construct neuron circuits sensitive to light signals.
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Figure 1. Equivalent circuit diagram of (a) neuron and (b) skeletal muscle cell connected by memristive synapses.

Such circuits can simulate the response of biological neurons
to light stimuli, further exploring the functions and mechan-
isms of the nervous system [24—26]. With the advancement of
electronic technology, the emergence of new electronic
components such as memristors has provided more possibi-
lities for the simulation of nonlinear circuits [27-29]. The
nonlinear characteristics of memristors give them a unique
advantage in simulating biological nervous systems. Joseph-
son junctions can be used to construct highly sensitive sensors
to detect subtle changes in magnetic fields, which can then be
used to analyze the tiny electromagnetic field changes in
neural activity [30-33]. These studies have not only promoted
the development of nonlinear circuit design but also provided
new perspectives for understanding the complex behavior of
the nervous system. Through these simulation systems, sci-
entists can delve deeper into the mechanisms of abnormal
neuronal firing and how such abnormal discharges can lead to
brain diseases, such as epilepsy and Parkinson’s disease
[34-36].

In the biological nervous system, the interaction between
neurons and skeletal muscle cells is fundamental to the rea-
lization of motor control and force generation [37]. The
complexity of this interaction is not only reflected in the
signal transmission between cells but also involves the intri-
cate biophysics within the cells themselves [38]. This intricate
relationship is crucial for understanding how the nervous
system regulates muscle activity, leading to movement and
the generation of force [39]. The study of these interactions is
vital for developing therapeutic strategies for neurological and
muscular disorders and enhancing our knowledge of the basic
principles of neuromuscular communication. The movement
of muscles driven by neurons forms the foundation of how the
nervous system controls bodily movements. Under normal
conditions, the brain releases signals through motor neurons

to trigger muscle contractions and movements [40]. To
simulate this natural process, researchers have employed a
variety of technical methods. For instance, using Neuromus-
cular Electrical Stimulation (NMES) technology, muscle
contractions can be activated, thereby controlling the motion
of robotic arms [41]. Furthermore, investigators have devel-
oped computational models to simulate the dynamics
of musculoskeletal systems and the control mechanisms of
neuromuscular activity [42]. These models are capable of
predicting new movement patterns. Specifically, researchers
such as Ngongiah et al [39] found through stability analysis
that a single mechanical arm driven by a Josephson junction
circuit would have two equilibrium points at certain stimulus
current values, switching stability between these points.
Yamapi ef al [43] analyzed a small network that included
three unidirectionally coupled Rayleigh—Duffing oscillators in
aring configuration. Meanwhile, Mbeunga et al [44] analyzed
the dynamics of one single Fitzhugh—Nagumo (FHN) neuron
coupled to a mechanical arm, and the oscillation boundaries
are provided. In this article, we introduce an equivalent neural
circuit model and simulate the neuromuscular junction using
memristors, achieving the coupling of the neural circuit with
the skeletal muscle cell circuit. We further explore the
dynamic characteristics of this coupled system under various
parameter settings.

2. Model and scheme

In this study, a neuron simulation circuit is constructed by
integrating fundamental physical components, including
resistors, capacitors, inductors, voltage sources, and nonlinear
resistors, as depicted in figure 1(a). To emulate the biophy-
sical properties of skeletal muscle cells, capacitors, inductors,
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and an electromagnetically driven mechanical system
are paralleled, with the specific configuration shown in
figure 1(b). Furthermore, memristors are employed as
coupling synapses to facilitate the transmission of information
and the exchange of energy between the neuron circuit and
the skeletal muscle cell model.

In figure 1(a), V¢ and iy represent the equivalent
membrane potential and the recovery variable of the neuron’s
slow current, respectively. V, denotes the voltage change
induced by external stimulation, which can regulate the
activities of the neuronal potential V-, and the channel cur-
rent i;. NR and M denote the nonlinear resistor and memristor,
respectively. The currents through the memristor and the
nonlinear resistor [12] can be expressed as:

In equation (2), V~ and i;, represent the membrane
potential and channel current in the skeletal muscle cell model,
respectively. In the MS structure, the inductance and resistance of
the windings are denoted by Ly, and Rys, respectively, while iy
represents the current flowing through these windings. The length
¢ of the winding wire. Bfdx/d¢ denotes the induced voltage
generated within the windings. During coordinated movement in
animals, a relative sliding occurs between the myosin and actin
within the skeletal muscle cells, and this biophysical process is
simulated by the mechanical device shown in figure 2.

Kitio et al conducted an in-depth study on a class of self-
sustained macroscopic electromagnetic mechanical systems
(MaEMS) and successfully constructed corresponding exper-
imental models. They not only conducted a meticulous stability

iy = f(@) = UL — DD (@) (Ve — Vi) = M@ + 38D (Ver — Veo),

dr do  dr
1V

ive = 8(Ve) = = (Ver = 57).

where f(®) is the current-voltage characteristic function of the
nonlinear resistor, where i3, represents the current through the
memristor. And g(V¢;) is the current-voltage characteristic
function of the memristor. The functions f(®) and g(V¢y)
typically have nonlinear properties, capable of simulating the
complex dynamic behavior of neurons. The nonlinear resistor
is used to simulate the nonlinear characteristics of the neu-
ronal membrane potential, while the memristor is used to
simulate the synaptic plasticity between neurons. The para-
meter )\, denotes the coupling strength of the memristor when
acting as a coupling channel, @ represents the magnetic flux
of the memristor, g represents the charge, another intrinsic
parameter determined by the structure of the memristor, and
(a/, B') are the intrinsic parameters of the memristor. p and V,
denote the equivalent conductance and reverse cut-off voltage
of the nonlinear resistor, respectively. In figure 1(b) the
capacitor C, is used to represent the membrane potential of
the muscle cell. The L, represents the inductance associated
with the ion channels in the muscle cell. The R, is used to
model the thermal effect in the muscle cell. Based on
Kirchhoff’s laws, the current-voltage analysis of the circuit
depicted in figure 1 can be conducted to determine the
operational characteristics of the circuit. This analysis
involves the following steps
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analysis of these models but also went on to design the
corresponding device models [45, 46]. Mbeunga et al focused
on MaEMS arrays driven by FHN neurons and provided a
comprehensive analysis of their dynamic characteristics [44].
Inside the MS device, a uniform magnetic field is present. The
time-varying current output from the neuron is fed into the
winding within the MS. When the current-carrying conductor
is placed in the magnetic field, it experience a magnetic force
on this conductor. Since the winding is fixed to the beam, this
force simultaneously drives the winding and the beam. This, in
turn, actuates the movement of the mechanical arm. Building
on these studies, we can derive the motion equation for a
moving beam with mass m, which is expressed as follows

dx

Ny,

Yo . @)
m + Bov + Kx = Bliys.

The displacement of the moving beam is denoted by , and
its velocity during motion is represented by v. (3, represents the
damping coefficient of the moving beam during its motion, K
denotes the stiffness coefficient of the spring, ¢ is the total length
of the conductor used in the winding, and the term Bliyg
represents the Ampere force experienced by the conductor in the
magnetic field. For the convenience of research, the following
dimensionless variable substitutions are made for the physical
quantities in equations (1), (2), and (3),
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The dimensionless equations for the system shown in
figure 1 can be expressed as

E=x(1 =& — 33—y + &us — M + 387 (x — x),
g—“:zc(x—by—ka),

dy

ﬁ =X A,
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@ &)
)

T = T MYy
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ﬂi ’

dr v,

av' ’

o =Mz my — msh.

Similar to traditional circuits, the electrical field energy
in neuron circuits and skeletal muscle cell circuits is stored
in capacitors, while the magnetic field energy is stored
within inductors. Furthermore, when skeletal muscle cells
are active, their dynamically varying energy also includes
the kinetic energy of the moving beams and the elastic
potential energy of the springs. These two components of
energy reflect the changes in kinetic and potential energy
over time as actin and myosin undergo relative motion.
Additionally, memristors possess the characteristic of stor-
ing magnetic field energy. Therefore, we can delineate the
energy of neuron circuits, skeletal muscle cell circuits, and
memristive synapses respectively,

Ws = Wy + Wy + Wa, Hy = Hy + Hy + Hyps
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Here, my4= GVi/K®, ms= p?C3VZ/mt® = mz*my.
Ws and Hg represent the dimensionless representation of the
neuron circuit and skeletal muscle cell circuit coupled by
memristive synapses, respectively. Wy and Hy are used to
describe the physical field energy and Hamiltonian of the
neuron circuit. Wy, and H,, represent the field energy in the
memristor channel and its dimensionless expression,
respectively. Wy, and H,,, define the physical energy and
dimensionless expression of the skeletal muscle cell circuit,
respectively. The kinetic energy of the moving beam is
given by E; = mv? /2, and the elastic potential energy of the
spring is represented by Kx2/2, with their dimensionless
expressions denoted as Hgg = v/z/ 2ms and h2/ 2my,
respectively. According to Helmholtz’s theorem [47], a

single skeletal muscle cell in equation (5) can be written in
an equivalent vector form that includes a dissipative field
F.(X) and a conservative field F4(X), as shown below

& = E(X) + F(X), X C R,
VHTF.(X) =0, (7
VHTE(X) = H =,

where X represents the set of all variables of the system under
analysis, that is, X = {x, y, ...}, u denotes the set of normalized
parameters, that is, p = {v, M, ", ki, ky, ks, my,
my, msz, My, ms}, and H denotes the Hamiltonian energy function
of a single system. The superscript 7T refers to the transpose
operation of the energy function matrix. The Helmholtz theorem
is used to verify the electromagnetic field, and the Hamiltonian
energy in figure 1 can be expressed as

H=x?/2 4 y*/2¢ + A(ap + 36¢%)
X (x —x)/2 +x12/2v+y12/2771+12/2k1. ®)

The mechanical energy was removed from the total energy
of skeletal muscle, and the velocity and displacement equations
were eliminated from equation (5), which was then decomposed
as follows

& ;
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In the given context, with parameter

a3 = 2/[Au(a + 9807,
agas = [yUew —

age = [ki(kix) — kaz — k3v)1/z.

The Hamiltonian energy function of the mechanical system
satisfies the following equation

OH

VHy, Fe(X) = —y—
Ox

[ 1
+|ex + EcAM(oup + 35903)]
OH g0 o
ady dy Ox
[ 7, x 1
+| 2 - > MAu(ap + 35<p3)]
« OH L xOH . (11)
oy, 0z

The Hamiltonian energy obtained by solving equation (11) is
consistent with the expression shown in equation (6).

In practical scenarios, the exchange of information and
energy between neurons is facilitated through the establish-
ment of coupled synapses. Such synapses typically form
between two neurons with different energy states, and their

yi — 2+ yl/[xa/y — 05 (e + 38031,
ass = mImx — myy — mx/y1 + 0.5t (ap + 3807 /v,

coupling strength increases exponentially over time until the
energy difference between them is reduced below a certain
threshold. Neurons and skeletal muscle cells are different
types of cells, and achieving complete energy equilibrium
when coupled as heterogeneous cells is challenging. It is
widely believed that the strength of synaptic coupling
between cells is closely related to their energy states. There-
fore, this article uses the energy ratio between skeletal muscle
cells and neuronal cells as the key factor for triggering
synapse growth between them, and defines the expression of
coupling strength in equation (12)

— s). (12)

Here, the step function K(|Hy,/H,| — ) serves to cap the
growth of coupling strength at a predetermined saturation
point. The parameter o, acting as the gain factor for
coupling strength, is a positive constant. Once the energy ratio
between skeletal muscle cells and neuronal cells surpasses a
specific threshold, the coupling channel is activated, allowing
for a further enhancement of coupling strength.

dAu

dr

HMu

N

= U)\MK(‘

ap = [x(1 — &) — x3/3 + us — My + 380D (x — x))/[x + 0.5 (e + 36071,
ayp = c*[(—by + a) — 0.5\ (e + 38031/y,

(10)

3. Numerical results and discussion

In this section, the fourth-order Runge—Kutta algorithm is
employed to compute the numerical solutions of the memristor-
coupled neural circuit and the equivalent circuit of skeletal
muscle cells. The time step is set to 2 = 0.01. Initially, the
dynamic behavior of a single neuron is calculated with para-
meter values a = 0.7, b = 0.3, ¢ = 0.4, and £ = 0.175. The
single neuron is subjected to an external stimulus generating a
voltage &, . scosr- FOI the numerical modeling of the entire
system, the parameter settings are as follows: a = 0.7, b = 0.3,
c=04,£=0.1751,=0.1,A =04, \yy =01, a = 0.1,
=01 ~v=1n =04, mn =012, ky = 0.1, k, = 0.1,
k3 = 01, m; = 01, nmyp = 01, ms = 01, my = 1, ms = 0.1. By
varying the angular frequency w, different firing patterns of the
neuron circuit are triggered. Figure 3 illustrates the distribution
of the peak membrane potentials of a single neuron at various
angular frequencies w, as calculated from equation (5).

It is evident from figure 3 that by gradually adjusting the
magnitude of the angular frequency w in the voltage generated
by the neuron in response to external stimuli, different firing
patterns of the neuron can be induced. To further investigate
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Figure 2. Schematic diagram of the internal structure of an
electromagnetically driven robotic arm.

the specific impact of the angular frequency w on the neuron’s
membrane potential, figure 4 demonstrates how neurons
exhibit a variety of firing patterns under appropriate external
stimulation. The angular frequency of the voltage induced by
the external stimuli is set to different values.

Figure 4 further confirms that changes in external stimuli
can guide neurons into different states of excitation. Conse-
quently, under external stimuli capable of generating various
angular frequencies of voltage, a single neuron exhibits a
range of firing patterns, including clustered firing, spiking
firing, and chaotic firing. Moving forward, we will investigate
the neuron circuit coupled by memristors and the skeletal
muscle cell circuit. Based on equation (5), we have calculated
the evolution of membrane potentials when the neuron circuit
is coupled with the skeletal muscle cell circuit under clus-
tered, spiking, and chaotic firing modes. This includes the
attractors of the neuron circuit, the temporal variation of the
membrane potential of the skeletal muscle cell, the attractors
of the skeletal muscle cell circuit, the Hamiltonian energy
ratio between the skeletal muscle cell circuit and the neuron
circuit, the displacement of the active beam, the kinetic
energy of the active beam, and the evolution of the field
energy in the memristor-coupled channel over time. The
parameters are set to a = 0.7, b = 0.3, ¢ = 0.4, £ = 0.175,
In=01,A =04, \y =01, a =01, =01, v=1,
m =04, =012,k =0.1, k, = 0.1, k5 = 0.1, m; = 0.1,
my = 0.1, m3 =0.1, my = 1, ms = 0.1. By varying the angular
frequency w. The initial conditions for the coupled system are
0.2, 0.1, 0, 0.1, 0.1, 0.1, 0.1, 0.1), and the corresponding
results are presented in figures 5, 6, and 7.

Figure 5 demonstrates the interaction between a neuron in
a clustered firing state and a skeletal muscle cell, which is
coupled via a memristor. A comparison between figures 4(a)
and 5(a) reveals significant differences in the firing patterns of
the neuron before and after coupling. The attractor diagram in
figure 5(b) indicates that, under the current parameter settings,
the neuron tends to fire periodically. The firing pattern of the
skeletal muscle cell is similar to that of the neuron, a
phenomenon attributed to the absence of nonlinear components
in the skeletal muscle cell model, allowing the electrical
activity of the neuron to directly and linearly affect the mem-
brane potential and channel current of the skeletal muscle cell,
as shown in figures 5(c) and (d). During the coupling process,

14
0_
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-2 : : : . .
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Figure 3. A bifurcation diagram of the membrane potential of a
single neuron as the angular frequency w varies, with the amplitude
A set to 0.4. The parameters are chosen as a = 0.7, b = 0.3, c = 0.4,
& = 0.175, Iy = 0.1. The initial conditions for the single neuron
circuit are (0.2, 0.1).

the ratio of energy within the skeletal muscle cell to that within
the neuron exceeds 1, suggesting that the average energy level
of the skeletal muscle cell is higher than that of the neuron, as
depicted in figure 5(e). The displacement variable h of the
active beam oscillates periodically within a range of 0 to 0.5, as
illustrated in figure 5(f). At the initial stage of coupling, the
dimensionless kinetic energy of the active beam is relatively
high, and as time progresses, its kinetic energy exhibits peri-
odic changes within a smaller range, as shown in figure 5(g).
Analysis of the expression for Hy, reveals that the value of Hy,
is influenced by the intrinsic parameters of the memristor
(o, ), the coupling strength of the coupling channel )y, the
magnetic flux of the memristor ¢, and the potential difference
between the two cells. Further analysis of equation (5) indicates
that the magnetic flux of the memristor is linearly related to the
potential difference between the neuron and the skeletal muscle
cell. Since the intrinsic parameters of the memristor do not
evolve over time, the value of H,, essentially depends on the
potential difference between the two cells. Figure 5(h) shows
that, as time evolves, H), exhibits an increasing trend, sug-
gesting that the potential difference between the two cells is
increasing and has not yet achieved potential synchronization.

Figure 6 illustrates the scenario where a neuron and a
skeletal muscle cell in a spiking firing state are coupled
through a memristor. By comparing figure 4(b) with
figure 6(a), it is evident that coupling leads to significant
changes in the neuron’s membrane potential. Specifically,
under certain parameter settings, the neuron’s firing pattern
exhibits characteristics of chaotic firing, which is reflected in
the attractor diagram shown in figure 6(b). Concurrently, the
membrane potential fluctuations of the skeletal muscle cell
also demonstrate a trend towards chaotic evolution, as
depicted in figures 6(c) and (d). Initially, at the onset of
coupling, the Hamiltonian energy ratio between the skeletal
muscle cell and the neuron has a large amplitude. However,
as the coupling process continues, this energy ratio rapidly
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Figure 4. The patterns exhibited by an isolated neuron with different selections of angular frequency w: (a) clustered firing at w = 0.02; (b) spike
firing at w = 0.3; (c) chaotic firing at w=1.3. Other parameters are held constant at a = 0.7, b = 0.3, ¢ = 0.4, { = 0.175, [, = 0.1, A = 0.4, with

the initial conditions of the neuron circuit set to (0.2, 0.1).
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Figure 5. The dynamic behavior of a neuron circuit and a skeletal muscle cell circuit in a state of clustered firing, coupled via memristive
synapses: (a) the variation in the neuron’s membrane potential; (b) the dynamics of the neuron circuit’s attractor; (c) the variation in the
skeletal muscle cell’s membrane potential; (d) the dynamics of the skeletal muscle cell’s attractor; (e) the temporal evolution of the
Hamiltonian energy ratio between the skeletal muscle cell and the neuron; (f) the temporal evolution of the displacement of the active beam;
(g) the temporal evolution of the kinetic energy of the active beam; (h) the temporal evolution of the field energy in the memristor-coupled

channel. In this analysis, the angular frequency is set to w = 0.02.

decreases and eventually oscillates within a specific range, as
shown in figure 6(e). Furthermore, the displacement of the
active beam exhibits a chaotic oscillation pattern over time, as
illustrated in figure 6(f). The kinetic energy of the active beam
consistently maintains chaotic oscillations within a certain
range, as shown in figure 6(g). Figure 6(h) indicates that as
time progresses, the magnetic field energy (H,,) within the
coupled channel shows an increasing trend, suggesting that
the potential difference between the two cells is also gradually
increasing. Throughout this process, the neuron and the ske-
letal muscle cell do not achieve potential synchronization.
Figure 7 illustrates the dynamic behavior of a neuron and a
skeletal muscle cell in a chaotic firing state that are coupled
through a memristor. By comparing figure 4(c) with figure 7(a),
it can be observed that coupling leads to a transition from
chaotic firing to periodic firing in the neuron. Concurrently, the
membrane potential of the skeletal muscle cell also enters a state
of periodic oscillation after coupling, as shown in figures 7(c)
and (d). At the onset of coupling, the energy ratio between the
skeletal muscle cell and the neuron is relatively high, but as the

coupling progresses, this ratio gradually decreases, maintaining
periodic oscillation within a specific range, as depicted in
figure 7(e). Furthermore, the displacement of the active beam
decreases over time and eventually stabilizes in a state of per-
iodic oscillation, as illustrated in figure 7(f). The kinetic energy
of the active beam also diminishes over time and then sustains
periodic oscillation within a smaller range, as shown in
figure 7(g). Figure 7(h) reveals an increasing trend in the
magnetic field energy (H,,) within the coupling channel over
time, indicating that the potential difference between the two
cells is gradually increasing, and throughout the entire exper-
imental process, no potential synchronization is achieved
between the neuron and the skeletal muscle cell. Based on the
observations from figures 5, 6, and 7, it is evident that when
neuron cells are coupled with skeletal muscle cells through
memristive synapses, energy is transferred within the coupling
channel. This coupling significantly alters the membrane
potential of the neuron, which is markedly different from the
uncoupled state. Moreover, under different oscillation states, the
membrane potential of the skeletal muscle cell exhibits varying
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Figure 6. The dynamic characteristics of a neuron circuit and a skeletal muscle cell circuit in a spiking firing state, under the influence of
memristive synapse coupling: (a) the variation in the neuron’s membrane potential; (b) the dynamics of the neuron circuit’s attractor; (c) the
variation in the skeletal muscle cell’s membrane potential; (d) the dynamics of the skeletal muscle cell’s attractor; (e) the temporal evolution
of the Hamiltonian energy ratio between the skeletal muscle cell and the neuron; (f) the temporal change in the displacement of the active
beam; (g) the temporal variation in the kinetic energy of the active beam; (h) the temporal evolution of the field energy within the memristor-
coupled channel. In this analysis, the angular frequency is set to w = 0.3.

(e e
< LI (-
I
h“ "” "“ "‘ m QUL ORI
- 2
-2 0 2 0 200 400 600 -2 0 2
7 X 7 'Tf
B - - ozp H - - 0.06 @ - 40
= 400 ' ' 0.04 |
% 3 0'} e =20 n ||| ” WWW
= 200 f l\' i T o0 | | \HH mﬂ
ML Y
N B 2 Wi A . LMo o ol M ,
0 200 400 600 0 200 400 600 0 200 400 600 0 200
7 7 7 7

Figure 7. The dynamic characteristics of a neuron circuit and a skeletal muscle cell circuit in a chaotic firing state, under the influence of
memristive synapse coupling: (a) the variation in the neuron’s membrane potential; (b) the dynamics of the neuron circuit’s attractor; (c) the
variation in the skeletal muscle cell’s membrane potential; (d) the dynamics of the skeletal muscle cell’s attractor; (e) the temporal evolution
of the Hamiltonian energy ratio between the skeletal muscle cell and the neuron; (f) the temporal change in the displacement of the active
beam; (g) the temporal variation in the Kinetic energy of the active beam; (h) the temporal evolution of the field energy within the memristor-
coupled channel. In this analysis, the angular frequency is set to w = 1.3.

evolutionary patterns after coupling with the neuron, and the skeletal muscle cell, and the inductor parameter 7;, which is
displacement of the active beam also demonstrates oscillations related to the equivalent channel current, were calculated, with
in different states over time. To gain a deeper understanding of  the results shown in figure 8.

the impact of memristive synapse coupling on neurons and From figure 8, it can be observed that after a neuron and a
skeletal muscle cells, a detailed analysis of the parameters skeletal muscle cell are coupled via a memristor, altering the
related to the Hamiltonian energy of the skeletal muscle cell in ~ parameters y and 7, results in transitions of the oscillation patterns
the coupling system is carried out next. As indicated by of the skeletal muscle cell membrane potential from periodic to
equation (6), the Hamiltonian energy of the skeletal muscle cell ~ chaotic states or vice versa. To further ascertain the impact of
is associated with the values of parameters (v, 7;, K;, ms). varying the parameters -y and 7, on the coupled system, figures 9
Initially, bifurcation diagrams and maximum Lyapunov expo- and 10 were computed. In both figures 9 and 10, the common
nent diagrams related to the capacitor parameter v, which is  parameters are set to a = 0.7, b = 0.3, ¢ = 04, £ = 0.175,
associated with the equivalent membrane potential within the Iy = 0.1, A = 04, Ay, = 0.1, a = 0.1, 8 = 0.1, i, = 0.12,
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Figure 8. The bifurcation diagrams and maximum Lyapunov exponents for the variable direction parameters  and 7; within the system

where a neuron and a skeletal muscle cell are coupled via a memristor. In the diagrams, the parameters are assigned the following values:
(a, ¢) n; = 0.4;(b, dyy = 1. The other parameters are fixed ata = 0.7, b = 0.3, c =04, £ =0.175, [, = 0.1, A =04, \j)y = 0.1, « = 0.1,
£=0.1,17=0.12,k; =0.1, k = 0.1, k3 = 0.1, m; = 0.1, my = 0.1, m3 = 0.1, w = 1.3. The system’s initial conditions are set to (0.2, 0.1, 0,

0.1, 0.1, 0.1, 0.1, 0.1).

ki = 01, kb, = 0.1, k5 = 0.1, m; = 0.1, mp, = 0.1,
msy = 0.1, my = 1, ms = 0.1, w = 1.3, with initial conditions of
0.2,0.1, 0, 0.1, 0.1, 0.1, 0.1, 0.1).

When the parameter + is set to 1, the membrane potential of
the skeletal muscle cell exhibits periodic oscillations, as shown
in figure 7(c). In contrast, when the parameter + is increased to
3.2, the membrane potential of the skeletal muscle cell transi-
tions to a chaotic state, as depicted in figure 9(c). According to
figures 9(a) and (b), the membrane potential of the neuron also
displays a chaotic state. The energy ratio between the skeletal
muscle cell and the neuron, the displacement of the active beam,
and the kinetic energy of the active beam all have large ampli-
tudes initially, then rapidly decrease, and finally maintain chaotic
oscillations within a certain range, as shown in figures 9(e), (f),
and (g). The field energy in the coupled channel exhibits an
increasing trend over time, as illustrated in figure 9(h).

In figure 7, when the parameter 7; is set to 0.4, the
membrane potential of the skeletal muscle cell exhibits peri-
odic oscillations, as shown in figure 7(c). In contrast, when
the parameter 7, is increased to 2, the membrane potential of
the skeletal muscle cell transitions to a chaotic state, as
depicted in figure 10(c). According to figures 10(a) and (b),
the neuron’s membrane potential also displays a chaotic state.
The energy ratio between the skeletal muscle cell and the
neuron, the displacement of the active beam, and the kinetic
energy of the active beam all have large amplitudes initially,
then rapidly decrease, and finally maintain chaotic oscillations
within a certain range, as shown in figures 10(e), (f), and (g).
The field energy in the coupled channel exhibits an increasing

trend over time, as illustrated in figure 10(h). Furthermore, the
Hamiltonian energy of the skeletal muscle cell also includes
the magnetic field energy stored in the inductor of the circuit’s
window structure, the elastic potential energy of the spring,
and the kinetic energy of the active beam. These three parts of
the energy are related to the values of the parameters k; and
mj3. Bifurcation analysis and maximum Lyapunov index
analysis were conducted on these two parameters, with the
results shown in figure 11.

It can be observed from figure 11 that altering the para-
meter kj, the oscillation pattern of the skeletal muscle cell
membrane potential transitions from periodic to chaotic states
or vice versa. However, changes in the parameter m3 do not
cause transitions in the state of the skeletal muscle cell mem-
brane potential. Under the conditions shown in figures 11(b),
(d), the system remains in a periodic state, as depicted in
figure 7. To further confirm the impact of changing the para-
meter k; on the coupled system, figure 12 was calculated, with
the parameters set to a = 0.7, b = 0.3, ¢ = 04, £ = 0.175,
Iy =01,A=04, ;=01 a=01, =01 v=32
m = 04, m, = 012, ky = 18, k, = 0.1, k3 = 0.1,
m =01,m=01,m=01,w=13my=1,ms=0.1. The
initial values are (0.2, 0.1, 0, 0.1, 0.1, 0.1, 0.1, O0.1).

When the parameter k; is set to 0.1, the membrane potential
of the skeletal muscle cell exhibits periodic oscillations, as shown
in figure 7(c). Conversely, when the parameter k; is increased to
1.8, the membrane potential of the skeletal muscle cell transitions
to a chaotic state, as depicted in figure 12(c). Observations from
figures 12(a) and (b) indicate that the neuron’s membrane potential
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Figure 9. This figure illustrates the chaotic firing state of a memristor synapse-coupled system involving a neuron and a skeletal muscle cell:
(a) the membrane potential of the neuron; (b) the attractor of the neuron circuit; (c) the membrane potential of the skeletal muscle cell; (d) the
attractor of the skeletal muscle cell circuit; (e) the temporal evolution of the Hamiltonian energy ratio between the skeletal muscle cell and the
neuron; (f) the temporal evolution of the displacement of the active beam; (g) the temporal evolution of the kinetic energy of the active beam;
(h) the temporal evolution of the field energy in the memristor-coupled channel. The parameter values are set to v = 3.2, n; = 0.4.
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Figure 10. The chaotic firing state of a memristor synapse-coupled system involving a neuron and a skeletal muscle cell: (a) the membrane
potential of the neuron; (b) the attractor of the neuron circuit; (c) the membrane potential of the skeletal muscle cell; (d) the attractor of the
skeletal muscle cell circuit; (e) the temporal evolution of the Hamiltonian energy ratio between the skeletal muscle cell and the neuron; (f) the
temporal evolution of the displacement of the active beam; (g) the temporal evolution of the kinetic energy of the active beam; (h) the
temporal evolution of the field energy in the memristor-coupled channel. The parameter values are set to v = 1.0, 1, = 2.0.

also displays a chaotic state. The energy ratio between the skeletal
muscle cell and the neuron, as well as the displacement of the
active beam, initially have large amplitudes, then rapidly decrease,
and ultimately maintain chaotic oscillations within a certain range,
as illustrated in figures 12(e) and (f). The kinetic energy of the
active beam maintains chaotic oscillations within the range of 0 to
0.4, as shown in figure 12(g). The field energy in the coupled
channel exhibits an increasing trend over time, as demonstrated in
figure 12(h). In practice, the synaptic coupling between neurons
and skeletal muscle cells is regulated by the energy relationship
between the two cells. Thus, the establishment of the coupling
channel is influenced by the combined energy of the skeletal
muscle cell and the neuron. Here, the ratio of the skeletal muscle
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cell’s energy to the neuron’s energy is set to control the mem-
ristive synapse between the two cells. When the ratio of energy
between the two cells exceeds the threshold (¢ = 25), the synapse
between the two cells begins to form, and the coupling strength of
the coupling channel increases exponentially over time. When the
energy ratio between the two cells falls below the threshold, the
coupling strength ceases to grow, and the coupling channel sta-
bilizes. Under the aforementioned conditions, by expressing the
coupling strength in equation (5) with equation (12), the evolution
of the memristive synapse coupling strength, the energy ratio
between the skeletal muscle cell and the neuron, and the field
energy in the coupling channel over time were calculated, with the
results shown in figure 13.
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Figure 12. The chaotic firing state of a memristor synapse-coupled system involving a neuron and a skeletal muscle cell: (a) the membrane
potential of the neuron; (b) the attractor of the neuron circuit; (c) the membrane potential of the skeletal muscle cell; (d) the attractor of the
skeletal muscle cell circuit; (e) the temporal evolution of the Hamiltonian energy ratio between the skeletal muscle cell and the neuron; (f) the
temporal evolution of the displacement of the active beam; (g) the temporal evolution of the kinetic energy of the active beam; (h) the
temporal evolution of the field energy in the memristor-coupled channel. The parameter values are set to k; = 1.8.
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Figure 13. The evolution of coupling strength, the energy ratio between skeletal muscle cells and neurons, and the field energy in the
coupling channel over time when the coupling strength is adaptively regulated. The parameters are selected as: a = 0.7, b = 0.3, ¢ =
04,£=0.175,,=0.1,A=04,a=0.1,5=01,vy=1,79 =04, =0.12,k; = 0.1, k, = 0.1, k3 = 0.1, m; = 0.1, my = 0.1, m3 = 0.1,
my =1, ms = 0.1, 0 = 0.1, ¢ = 25. The initial conditions are (0.2, 0.1, 0, 0.1, 0.1, 0.1, 0.1, 0.1). The initial value of the coupling strength
)\M(O) is 0.01.
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As depicted in figure 13, when memristive synapses
couple skeletal muscle cells and neuron cells, and the cou-
pling strength of the memristive synapses is regulated by the
energy ratio between the two cells, the coupling strength
continuously increases when the energy ratio exceeds the
threshold (¢ = 25). This leads to a continuous enhancement of
information transfer and energy exchange between the two
cells. Conversely, when the energy ratio falls below the
threshold, the coupling strength of the synapses between the
two cells ceases to increase, stabilizing the coupling channel,
as shown in figure 13(a). The evolution of the energy
ratio between the two neurons over time is illustrated in
figure 13(b), corroborating the results presented in
figure 13(a). As coupling progresses, the field energy stored
in the coupling channel continually accumulates, with the
amplitude of the field energy in the channel increasing, as
depicted in figure 13(c).

4. Conclusion

The study begins with an in-depth analysis of the dynamic
characteristics of a single neuron circuit. By adjusting the
angular frequency of the external signal stimulation voltage, it
was observed that the neuron’s membrane potential exhibited
various firing modes such as clustered firing, spiking firing,
and chaotic firing under different stimulation conditions.
Subsequently, neurons with different firing modes were
coupled with skeletal muscle cells via memristive synapses.
The results post-coupling indicated significant changes in the
firing modes of the neurons. Additionally, neurons with dif-
ferent firing modes also induced oscillations in the membrane
potential of the skeletal muscle cells after coupling, primarily
manifesting as periodic and chaotic patterns. The displace-
ment of the active beam over time also exhibited oscillations
that corresponded to the state of the coupled neuron, with
periodic oscillations observed for clustered and chaotic firing
neurons coupled with skeletal muscle cells, and chaotic
oscillations for spiking firing neurons coupled with skeletal
muscle cells. Furthermore, this study conducted bifurcation
analysis and Lyapunov exponent analysis on parameters
within the Hamiltonian energy of skeletal muscle cells. It was
found that adjusting the capacitor parameter v and the
inductor parameter 77;, which simulate the membrane poten-
tial of skeletal muscle cells, could alter the firing modes of
neurons and skeletal muscle cells. Similarly, changes in the
inductor parameter k; within the mechanical structure could
also trigger transitions of the neuron’s membrane potential
from chaotic states to periodic states or vice versa. However,
changes in the parameter ms, which is related to the kinetic
energy of the moving arm and the elastic potential energy of
the spring in the mechanical structure, do not cause transitions
in the oscillation patterns of the membrane potentials of
neurons and skeletal muscle cells. Ultimately, by using the
energy ratio between neuron cells and skeletal muscle cells,
the coupling strength of the coupling channel was adaptively
regulated using a step function, achieving adaptive growth
of the coupling strength to a specific threshold. This
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optimization enhanced the interaction between neurons and
skeletal muscle cells. This finding provides a new perspective
for understanding the complex interactions between neurons
and muscle cells and lays an important theoretical foundation
for future research in related fields.
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