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SPECIAL TOPIC — Biophysical circuits: Modeling & applications in neuroscience

Modeling of a dual-capacitor neuron without an inductor
Zhen-Hua Yu(于振华), Yu-Chen Zhang(张钰晨), and Fei-Fei Yang(杨飞飞)†

College of Artificial Intelligence and Computer Science, Xi’an University of Science and Technology, Xi’an 710054, China

(Received 23 April 2026; revised manuscript received 2 June 2026; accepted manuscript online 4 June 2026)

The physical circuit model of biological neurons can be obtained by applying electronic components to simulate the
ion channels and membrane potential of biological neurons. The effective physical circuit model of neurons provides an
experimentally verifiable physical carrier for understanding the information encoding mechanism of the nervous system.
In addition, the nonlinear dynamic characteristics of the physical circuit model of the neuron lay the bionic foundation
for brain-inspired computing and the design of low-power neuromorphic chips. Therefore, this paper designs a dual-
capacitor memristive neural circuit without any inductive elements and analyzes the nonlinear dynamic characteristics of the
physical circuit model of the neuron. First, Kirchhoff’s current law is applied to derive the differential equations describing
the memristive neural circuit, and a neural dynamics model expressed by the differential equations is established. The
corresponding energy function of the memristive neural circuit is derived based on Helmholtz’s theorem. Subsequently,
nonlinear dynamical analysis methods are employed to investigate the complex dynamical behaviors of this neural model.
The results indicate that the electrical activity of the neuron can be effectively modulated by external stimuli and external
magnetic fields; specifically, this neuron model exhibits stochastic resonance phenomena under a noisy magnetic field.
Furthermore, the neuron’s self-regulatory capability is verified using an adaptive method based on energy ratio control. The
hardware feasibility of this neuronal model is further validated through LTspice simulation. Finally, this neuronal model
can be coupled to form a neural network for investigating the collective behaviors of neural networks and the influence of
external magnetic fields on their collective properties.

Keywords: memristive neuron, dynamical behaviors, LTspice simulation
PACS: 05.45.–a

DOI: 10.1088/1674-1056/ae77d3 CSTR: 32038.14.CPB.ae77d3

1. Introduction
Memristors are the fourth fundamental type of electronic

component. Chua[1] first predicted the theory of the memristor
in 1971. A memristor was physically realized by the Hewlett–
Packard Laboratories not until 2008.[2] Due to the memristor’s
inherent non-linearity and memory properties, they are widely
used in non-linear circuits, chaotic circuits, chaotic systems,
neurons and neural networks.

Adding a memristor to a nonlinear circuit yields a
memristor chaotic circuit, such as simple memristor chaotic
circuits,[3–5] magnetic flux-controlled memristive chaotic
circuits,[6,7] charge-controlled memristive chaotic circuits,[8]

and voltage-controlled memristive chaotic circuits.[9] Intro-
ducing a memristor into a chaotic system can generate a
memristor chaotic system; these systems exhibit various com-
plex dynamical behaviors, such as multi-stability,[9,10] hid-
den attractors,[11,12] and coexisting attractors.[13–15] Mem-
ristor chaotic systems are physically verified with analog
circuits[16–18] and digital circuits.[19–21] Moreover, adding a
discrete memristor to a chaotic map leads to memristor chaotic
maps.[22–24] Many chaotic maps[25–28] are built based on mem-
ristor coupled circuits. Recent research suggests that gen-
eral chaotic mappings can also be represented by memristor
circuits.[29]

External stimuli are known to play an important role in
regulating neuronal dynamics. Previous studies have reported
chaotic resonance and firing-pattern transitions in type-I and
type-II Morris–Lecar neurons, astrocyte-coupled neurons, and
Hodgkin–Huxley neurons under external stimulation.[30–32]

These findings suggest that external inputs can effectively
modulate neuronal firing activities and enrich the dynami-
cal behaviors of neuron models. Recently, memristors are
widely researched in neuron models and neural networks.
Many memristive neuron models are obtained by introduc-
ing a memristor into a neuron model, such as memris-
tive HR neuron models,[33,34] and memristive FHN neuron
models.[35,36] Many memristive neuron models are built based
on memristor circuits, for example, magnetic flux-controlled
memristive neuron models,[37,38] charge-controlled neuron
models,[39] dual-memristor neuron models,[40,41] memristive
membrane neuron models,[42–44] and memristor ion channel
neuron models.[45–47]

While extensive efforts have been devoted to developing
memristive neuron models, memristive neural networks have
also attracted increasing attention in recent years. Synchro-
nization, chimera states, and learning behaviors have been
reported in memristor-coupled neuronal networks, highlight-
ing the potential of memristive devices for large-scale neuro-
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morphic computing applications.[48,49] The existing memristor
neuron models: some focus solely on the functional aspects
of biological neurons,[50,51] some on their biological struc-
ture, and others on the regulation of neuronal electrical activ-
ity by external electromagnetic fields; none, however, address
the challenge of integrating large numbers of memristor neu-
ron models. Consequently, this paper designs a dual-capacitor
memristor neuron model without inductor based on the struc-
ture of biological neurons and considerations of ease of inte-
gration.

The main contributions of this work are given as follows:
(1) A dual capacitor memristive neural circuit without an in-
ductor is designed for ease of integration. (2) The neuronal fir-
ing behaviors under external stimulus and magnetic fields are
revealed. (3) An energy-based adaptive scheme is proposed to
effectively regulate neuronal firing patterns.

This paper is structured as follows: Section 2 establishes
the dual-capacitor memristive neuron model. Section 3 ana-
lyzes the neuron’s dynamical behaviors under external stimuli
and electromagnetic fields. Section 4 summarizes the main
results.

2. Model and scheme
From the viewpoint of physics, a biological neuron can be

modeled based on a nonlinear circuit constructed with physi-
cal electronic components. Different nonlinear circuits con-
structed from various electronic components can describe the
characteristics of different biological neurons. This paper de-
signs a dual-capacitor neural circuit without an inductor; the
corresponding schematic circuit diagram is displayed in Fig. 1.

R

Rs C2 C1 NR

E

⇁

↩

iC2 iC1 iM iNR

VC2 VC1
⇁

↩

is

⇁

↩

iR

Vs

M↼ϕ↽

Fig. 1. A neural circuit with two capacitors.

The neural circuit in Fig. 1 is composed of eight elec-
tronic components. It contains two capacitors (C1, C2), two
linear resistors (Rs, R), two voltage sources (Vs, E), a memris-
tor (M(ϕ)), and a nonlinear resistor (NR). The linear resistor
(R) is connected in parallel with two capacitors (C1, C2) and
represents the double-membrane structure of a biological neu-
ron. A memristor (M(ϕ)) is connected in series with a feed-
back voltage (E) to simulate the ion channels of a neuron. A
nonlinear resistor (NR) is used to describe the nonlinear char-
acteristics of the electric field and magnetic field generated
during ion transport. The voltage source (Vs) drives this neural
circuit by simulating external stimuli.

The memristor in the fourth branch of the neural circuit
in Fig. 1 is defined as follows: iM = αM(ϕ)VM = αϕVM,

dϕ

dt
=−λϕ +δVM,

(1)

where (δ , α , λ ) denote the parameters of the material. (iM,
VM, ϕ) denote the current, voltage, and magnetic flux through
the memristor branch. The nonlinear resistor[35] in the fifth
branch of the neural circuit in Fig. 1 is described by

iNR =− 1
ρ

(
V − V 3

3V 2
0

)
, (2)

where ρ is the resistance, (iNR, V ) denote the current and volt-
age through the nonlinear resistor branch, and V0 is the cut-off
voltage of the nonlinear resistor. In this paper, V is equivalent
to VC1. Applying Kirchhoff’s laws to the neural circuit shown
in Fig. 1 yields the following branch current relationship:{

iC1 = iR− iM− iNR,
iC2 = is− iR.

(3)

Equation (3) can be further updated as follows:

C1
dVC1

dt
=

(VC2−VC1)

R
−αϕ(VC1 +E)

+
1
ρ

(
VC1−

V 3
C1

3V 2
0

)
,

C2
dVC2

dt
=

(Vs−VC2)

Rs
− (VC2−VC1)

R
,

dϕ

dt
=−λϕ +δ (VC1 +E).

(4)

The variables in Eq. (4) are redefined by

x =
VC1

V0
, y =

VC2

V0
, z =

ϕ

ρC2V0
, τ =

t
ρC2

. (5)

Furthermore, Eq. (4) can be redescribed as follows:

dx
dτ

= c
[
−az(x+µ)+ x− x3

3
+b(y− x)

]
,

dy
dτ

= us−dy−b(y− x),

dz
dτ

=−ez+δ (x+µ).

(6)

Here, x, y, and z are the state variables of the proposed neuron
model. Specifically, (x, y) denote the membrane variables of
the neuron and characterize its firing activity. z corresponds to
the memristive state variable describing the ion channel of the
neuron. The parameters in Eq. (6) are defined by

us =
ρVs

V0Rs
, a = αρ

2C2V0, b =
ρ

R
,

c =
C2

C1
, d =

ρ

Rs
, e = λρC2, µ =

E
V0

. (7)

The physical field energies of the three energy storage
components in the neural circuit are estimated as follows:

W = 0.5C1V 2
C1 +0.5C2V 2

C2 +0.5ϕiM. (8)
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Moreover, the Hamilton energy of the physical field ener-
gies is approximated by

H =
W

C2V 2
C2

=
1
2c

x2 +
1
2

y2 +
1
2

az2(x+µ). (9)

From Eq. (9), the Hamilton energies depend on parameters (a,
c, µ) and variables (x, y, z). In fact, the Hamilton energy is
also calculated by using Helmholtz’s law. First, the dynamic
equations in Eq. (6) can be expressed as follows:

 ẋ
ẏ
ż

 =

 c[b(y− x)− (1/3)x3−az(x+µ)+ x]
us−b(y− x)−dy
−ez+δ (x+µ)

= Fc +Fd

=

 y
−(1/c)x−0.5az2

0

+

 c[−az(x+µ)+ x− (1/3)x3 +b(y− x)− (1/c)y]
us−b(y− x)+0.5az2−dy+(1/c)x

−ez+δ (x+µ)


=

 0 1 0
−1 0 0
0 0 0

 (1/c)x+0.5az2

y
az(x+µ)

+

 A11 0 0
0 A22 0
0 0 A33

 (1/c)x+0.5az2

y
az(x+µ)

 ,

A11 =
c[−az(x+µ)+ x− (1/3)x3 +b(y− x)− (1/c)y]

(1/c)x+0.5az2 ,

A22 =
us−b(y− x)+0.5az2−dy+(1/c)x

y
, A33 =

−ez+δ (x+µ)

az(x+µ)
. (10)

Here, Fc(∗) denotes the gradient field, and Fd(∗) is the vortic-
ity field. The conditions they meet are

∇HTFc(X) = 0, Ḣ =
dH
dτ

= ∇HTFd(X). (11)

As a result, Eq. (9) follows from solving the following equa-
tion:

y
∂H
∂x
− ((1/c)x+0.5az2)

∂H
∂y

+0 · ∂H
∂ z

= 0. (12)

Furthermore, we design a parameter adaptive growth scheme
with energy proportion control to explore the self-regulating
characteristics of biological neural functions, and the scheme
is defined as follows:

dc
dτ

= σ · c ·ϑ
(

ε−
∣∣∣Hc1

H

∣∣∣), (13)

where ε is an energy threshold and σ denotes the parameter
growth gain. In principle, other parameters can also serve as
the target of adaptive control, such as a and d.

3. Numerical simulation results
From the viewpoint of neurodynamics, the firing char-

acteristics of a neuron can be controlled by different inten-
sities of external stimuli. In this work, for simplicity, a peri-
odic external stimulus signal is used to investigate the firing
behavior of the dual-capacitor memristor neuron without an
inductor. Here, the periodic external stimulus is selected as
us = A1 cos( f τ); parameters of Eq. (6) are a = 1.5, b = 0.5,
c = 13.8, d = 3, e = 0.2, δ = 0.15, f = 2.75, µ = 1, and the
initial value is (0.1, 0.1, 0.1). Using the ode45 algorithm in
MATLAB software, the solution to the differential equation in

Eq. (6) is obtained. Furthermore, the evolution of the peak of
the membrane variable x by changing A1 and the correspond-
ing largest Lyapunov exponent (LLE) of Eq. (6) are calculated
in Fig. 2.

3.4 3.5 3.6 3.7 3.8 3.9
-1.0

-0.5

0.5

0

(b)

3.4 3.5 3.6 3.7 3.8 3.9

-0.95

x
p
e
a
k

-1.00

-1.05

-1.10

A1 A1

L
L
E

(a)

Fig. 2. The peak varying with A1 and LLE. (a) Peak of membrane vari-
able x; (b) LLE of neuron model presented in Eq. (6).

The results shown in Fig. 2 indicate that as the A1 of the
external stimulus continuously increases, the chaotic electrical
activity behavior of the neurons will be suppressed, and the
neurons will exhibit highly ordered periodic electrical activity
behavior. During this period, neurons also exhibit significant
chaotic and periodic alternation windows. Under chaotic be-
havior, the LLE of the model equation is greater than zero,
while the LLE of the periodic state is less than zero. More-
over, the LLE of the model at the periodic bifurcation point is
0.

To observe the firing behaviors of neurons in response
to external stimuli of varying intensities more clearly, Fig. 3
plots the time series of the membrane variable x and the corre-
sponding energy series under different external stimulus inten-
sities A1, while maintaining the parameters and initial values
described above.

Figure 3 clearly shows that when the periodic external
stimulus A1 = 3.629, the neuron exhibits chaotic electrical ac-
tivity. However, when the periodic external stimulus A1 = 3.9,
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the neuron exhibits a two-cycle firing pattern. Furthermore,
when the neuron exhibits chaotic electrical activity, the neu-
ronal model has a lower 〈H〉, whereas during periodic firing,
the neuron has a higher 〈H〉. In addition, Fig. 4 plots the tra-
jectories of the neurons in the x–z plane corresponding to the
electrical activity shown in Fig. 4.

200 225 250 275 300

(a)

200 225 250 275 300
-2

-1

0

1 (c)

200 225 250 275 300
-0.2

0

0.2

0.4

0.6

0.8
<H>/.(b)

200 225 250 275 300
-0.2

0

0.2

0.4

0.6

0.8
<H>/0.2727(d)

x
x

H
H

τ

τ

τ

τ

-2

-1

0

1

Fig. 3. The time-series of variable x and the corresponding energy se-
ries under different values of A1: (a), (b) A1 = 3.629; (c), (d) A1 = 3.9.
〈H〉 is the energy average value within 100 units of time.

↩ ↩  
↩.



.

.

↩ ↩  
↩.



.

.

(b)(a)

xx

z z

Fig. 4. Attractor diagrams of the x–z plane for different values of A1:
(a) A1 = 3.629 (chaotic), (b) A1 = 3.9 (periodic).

As shown in Fig. 4, as the trajectories of the neural sys-
tem evolve in phase space, they are confined within a bounded
region and do not exhibit a tendency to diverge to infinity. This
indicates that the system is dissipative or stable on a long-term
timescale. In Fig. 4(b), the trajectories form a closed, smooth
curve, indicating that the system enters a state of periodic os-
cillation with a single dominant frequency and its harmonics.

The numerical simulation results presented above inves-
tigate the effect of the amplitude of periodic external stimuli
on the electrical activity characteristics of neurons. Further-
more, the effect of the frequency of periodic external stimuli
on neuronal electrical activity is examined. With the parame-
ters and initial values maintained as above and the amplitude
set to A = 3.6, the evolution of the peak of membrane vari-
able x by changing f and the corresponding LLE of Eq. (6) is
calculated in Fig. 5.

Figure 5 shows that the periodic electrical activity of neu-
rons gives rise to chaotic electrical activity by increasing the
frequency of the periodic external stimulus. Moreover, neu-
rons also exhibited significant chaotic and periodic alternation
windows in this period. The LLE of the model equation is
greater than zero during chaotic behaviors, while the LLE of
the periodic state is less than zero, and the LLE of the model
at the periodic bifurcation point is 0.

2.5 2.6 2.7 2.8 2.9
-1.12

-1.04

-0.96

f

2.5 2.6 2.7 2.8 2.9
-0.8

-0.4

0

0.4
(b)(a)

f

x
p
e
a
k

L
L
E

Fig. 5. The peak varying with f and LLE. (a) Peak of membrane vari-
able x; (b) LLE of neuron model presented in Eq. (6).

To more clearly observe the electrical activity of neurons
in response to the frequency of periodic external stimuli of
varying intensities, Fig. 6 plots the time series of the mem-
brane variable x and the corresponding energy series for dif-
ferent external stimulus intensities f , while maintaining the
parameters and initial values described above.
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(a)
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-0.2

0

0.2
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0.6

0.8
<H>/0.25639(d)
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τ

τ

τ

-2

-1

0

1

Fig. 6. The time-series of membrane variable x and the correspond-
ing energy series with different values of f : (a), (b) f = 2.77; (c),
(d) f = 2.54. 〈H〉 is the energy average value within 100 units of time.

Similarly, when the periodic external stimulus is f =

2.77, the neuron exhibits chaotic electrical activity. However,
when the periodic external stimulus is f = 2.54, the neuron ex-
hibits a two-cycle firing pattern. Furthermore, when the neu-
ron exhibits chaotic electrical activity, the neuronal model has
a lower 〈H〉, whereas during periodic firing, the neuron has
a higher 〈H〉. In addition, Fig. 7 plots the trajectories of the
neurons in the x–z plane corresponding to the electrical activ-
ity shown in Fig. 6.

From Fig. 7, as the trajectories of the neural system evolve
in phase space, they are confined within a bounded region and
do not exhibit a tendency to diverge to infinity. This indi-
cates that the system is dissipative or stable on a long-term
timescale. In Fig. 7(b), the trajectories form a closed, smooth
curve, indicating that the system enters a state of periodic os-
cillation with a single dominant frequency and its harmonics.

Neurons are considered as electrically charged entities,
and they are susceptible to the influence of external electro-
magnetic fields. Since magnetically controlled memristors can
capture the external magnetic field, the impact of such fields on
the firing behaviors of neurons is investigated in greater detail.
First, the effects of a constant magnetic field on the electrical
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activity of neurons are investigated. The parameters and initial
values are maintained as above, and the periodic external stim-
ulus is fixed to us = 3.6cos(2.75τ); a constant magnetic field
M1 is added into the third equation of Eq. (6). Similarly, the
evolution of the peak of the membrane variable x by changing
M1 and the corresponding LLE of Eq. (6) is plotted in Fig. 8.

↩. ↩. ↩.  . .
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
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↩.



.

.
(b)(a)

y y

z z

Fig. 7. Attractor diagrams of the y–z plane for different values of f : (a)
f = 2.77 (chaotic), (b) f = 2.54 (periodic).
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Fig. 8. The peak varying with M1 and LLE. (a) Peak of membrane
variable x; (b) LLE of the neuron model presented in Eq. (6).

The results shown in Fig. 8 indicate that as the intensity of
the external magnetic field continuously increases, the chaotic
electrical activity behavior of the neurons will be suppressed,
and the neurons will exhibit highly ordered periodic electrical
activity behavior. During this period, neurons also exhibited
significant chaotic and periodic alternation windows. Under
chaotic behavior, the LLE of the model equation is greater
than zero, while the LLE of the periodic state is less than zero.
Moreover, the LLE of the model at the periodic bifurcation
point is 0. Similarly, Fig. 9 plots the time series of the mem-
brane variable x and the corresponding energy series for dif-
ferent external magnetic intensities M1, while maintaining the
parameter and initial values described above.
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Fig. 9. The time-series of variable x and the corresponding energy series
under different values of M1: (a), (b) M1 = 0.001; (c), (d) M1 = 0.01.
〈H〉 is the energy average value within 100 units of time.

Similarly, when the constant magnetic field is M1 =

0.001, the neuron exhibits chaotic electrical activity. How-
ever, when the constant magnetic field is M1 = 0.01, the neu-
ron exhibits a two-cycle firing pattern. Furthermore, when
the neuron exhibits chaotic electrical activity, the neuronal
model has a lower 〈H〉, whereas during periodic firing, the
neuron has a higher 〈H〉. In addition, a periodic magnetic field
A2 cos(2.75τ) is added to the third equation of Eq. (6). Sim-
ilarly, the evolution of the peak of the membrane variable x
with changing A2, and the corresponding LLE of Eq. (6), is
plotted in Fig. 10.
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Fig. 10. The peak varying with A2 and LLE. (a) Peak of membrane
variable x; (b) LLE of the neuron model presented in Eq. (6).

Figure 10 indicates that the electrical activity of neurons
can be modulated by adjusting the amplitude of an external
periodic magnetic field. As the amplitude of the periodic ex-
ternal magnetic field increases, the periodic electrical activity
of the neurons is induced to become chaotic. When the exter-
nal magnetic field continues to increase, the chaotic electrical
activity is suppressed, and the neurons exhibit periodic elec-
trical activity. During this period, neurons also exhibit signif-
icant chaos and periodic alternating windows. Under chaotic
behavior, the LLE of the model equation is greater than zero,
while the LLE of the periodic state is less than zero. More-
over, the LLE of the model at the periodic bifurcation point is
0. Similarly, Fig. 11 plots the time series of membrane vari-
able x and the corresponding energy series for different exter-
nal magnetic intensities A2, while maintaining the parameters
and initial values described above.
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Fig. 11. The time-series of variable x and the corresponding energy se-
ries with different values of A2: (a), (b) A2 = 0.025; (c), (d) A2 = 0.17.
〈H〉 is the energy average value within 100 units of time.
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Similarly, when A2 = 0.025, the neuron exhibits chaotic
electrical activity. However, when A2 = 0.17, the neuron ex-
hibits a two-cycle firing pattern. Furthermore, when the neu-
ron exhibits chaotic electrical activity, the neuronal model has
a lower 〈H〉, whereas during periodic firing the neuron has a
higher 〈H〉. In addition, Fig. 12 plots the trajectories of the
neurons in the x–y plane corresponding to the electrical activ-
ity shown in Fig. 11.
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Fig. 12. Attractor diagrams of the x–y plane for different values of A2:
(a) A2 = 0.025 (chaotic), (b) A2 = 0.17 (periodic).

From Fig. 12, as the trajectories of the neural system
evolve in phase space, they are confined within a bounded re-
gion and do not exhibit a tendency to diverge to infinity. This
indicates that the system is dissipative or stable on a long-term
timescale. In Fig. 12(b), the trajectories form a closed, smooth
curve, indicating that the system enters a state of periodic os-
cillation with a single dominant frequency and its harmonics.

From the viewpoint of nonlinear dynamics, a nonlinear
system subjected to the combined influence of an external pe-
riodic signal and noise can exhibit the phenomenon of stochas-
tic resonance. To explore the phenomenon of stochastic reso-
nance in the neuron model in Eq. (6), the parameters are fixed
as a = 1.5, b = 0.5, c = 13.8, d = 3, e = 0.2, δ = 0.15, µ = 1,
us = 3.6cos(2.75τ), and the initial condition is (0.1, 0.1, 0.1).
The third term in the neuronal model is expressed in Eq. (6),
where an external Gaussian white noise magnetic field is ap-
plied. Then, the evolution of the signal-to-noise ratio (SNR)
and energy average value 〈H〉 with varying noise intensity D
is shown in Fig. 13.

Figure 13 shows that when the intensity of the Gaussian
white noise magnetic field is 0.453, both the SNR and 〈H〉
reach values of 0.979 and 0.225, respectively. This indicates
the occurrence of stochastic resonance in the neuronal dynami-
cal model, which signifies a high degree of order in the oscilla-
tions of the neuronal model. Furthermore, the self-regulatory
properties of neurons were investigated using the neuronal
model described by Eq. (6) and the parameter-adaptive growth
method described by Eq. (13). The parameters and initial val-
ues in Eq. (6) remain as above; the energy ratio threshold in
Eq. (13) is ε = 0.6, and the initial value of the parameter is
c = 13.8. Figure 14 plots the evolution of the parameters over
time and the evolution of the membrane variable sequence for
different gains.
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Fig. 13. (a) SNR with varying D; (b) 〈H〉 with varying D.

It can be seen from Fig. 14 that the parameter c reaches a
stable threshold after a certain time interval, and the sequence
of membrane variables also transitions from a chaotic pattern
to an ordered periodic pattern. This demonstrates that the
designed adaptive regulation method is capable of adaptively
regulating chaotic neurons into a periodic oscillatory pattern.
Furthermore, chaotic neurons can rapidly enter a periodic pat-
tern by increasing the gain.
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Fig. 14. The evolution of parameters c and x for different gain values
σ : (a) σ = 0.02, (b) σ = 0.05.

To investigate the dynamical behaviors of neurons, when
the other parameters and initial values in Eq. (6) remain as
above, the SE complexity under different values of system pa-
rameters is plotted in Fig. 15.

The result in Fig. 15 shows that the chaotic state has a
higher complexity value, and the periodic pattern has a lower
complexity value. To verify the validity of the hardware im-
plementation of the neuron model in Eq. (6), the neuron model
in Eq. (6) can be updated as follows:
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C1

dV1

dt
=

R12

R21R1
V1 +

R12

R21R2
V 3

1 +
R12

R21R3
V1V3 +

R12

R21R4
V3 +

R12

R21R5
V2,

C2
dV2

dt
=

R13

R22R6
V1 +

R13

R22R7
S2 +

R13

R22R8
V2,

C3
dV3

dt
=

R14

R23R9
V1 +

R14

R23R10
V3 +

R14

R23R11
S1.

(14)

The equivalent circuit corresponding to Eq. (14) is shown in Fig. 16.
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(a) (b) (c)

Fig. 17. The LTspice simulation results. (a) Attractor diagrams of the
x–z plane; (b) attractor diagrams of the y–z plane, (c) attractor diagrams
of the x–y plane.

Here, when S1 = 1 V, S2 = 3.629cos(4.379t) V, Ri =

100 kΩ (i = 15, 16, 17, 18, 19, 20, 24, 25, 26, 27, 28, 29),
R j = 1 MΩ ( j = 12, 13, 14, 21, 22, 23), R1 = R5 = 144.93 kΩ,
R2 = 217.4 kΩ, R3 = R4 = 48.3 kΩ, R6 = 2 MΩ, R7 = 1 MΩ,
R8 = 286 kΩ, R9 = 5 MΩ, R10 = R11 = 6.67 MΩ, C1 =C2 =

C3 = 1 nF, the LTspice simulation results are shown in Fig. 17.
The results shown in Fig. 17 are consistent with the previ-

ous numerical simulation results, indicating that this neuronal
model can be effectively implemented in a physical circuit.

4. Conclusions
This paper designs a dual-capacitor memristive neuron

circuit without any inductive elements, and then a neuron dy-
namic model expressed by a differential equation is derived
by applying Kirchhoff’s current law and using the Helmholtz
theorem to verify the energy function. The nonlinear dynamics
of the neuron model are researched using nonlinear dynamic
analysis methods. The results show that the periodic electrical
activity of neurons gives rise to chaotic electrical activity by
increasing the frequency of the external stimulus. The elec-
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trical activity of neurons can be modulated by changing the
intensity or amplitude of the magnetic field. When the neu-
ron exhibits chaotic electrical activity, the neuronal model has
a lower average energy value, whereas during periodic firing,
the neuron has a higher average energy value. The random
resonance phenomenon can also occur under a noisy magnetic
field. The self-regulation of the neuron is simulated by an
adaptive method of energy ratio control. The LTspice simu-
lation is further employed to verify the hardware implemen-
tation of the neuron model. This neuron model can be cou-
pled to form a neuronal network, enabling the investigation of
the collective behaviors of neuronal networks and the influ-
ence of external magnetic fields on their collective properties.
Future work will focus on the hardware implementation and
large-scale integration of memristive neural networks based
on the proposed inductor-free neuron circuit, while extending
the framework to magnetic-controlled memristors to investi-
gate richer electromagnetic coupling dynamics.
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