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Considering the impact of electromagnetic induction on neurons, this paper presents a three-dimensional (3D) mem-
ristor Hindmarsh–Rose (HR) neuron model. This model exhibits diverse hidden chaotic dynamics due to the absence of
equilibrium points, including bifurcation phenomena, coexisting attractors, transient chaos, state transitions, and offset-
boosting control. Since equilibrium points are absent in this model, all observed dynamics are classified as hidden behav-
iors. The complex dynamics of this neuron model are illustrated through bifurcation diagrams, Lyapunov diagrams, time
series plots, and phase portraits. Furthermore, an equivalent circuit for the memristor HR neuron is constructed, and the
accuracy of numerical simulations is confirmed via circuit simulation results.
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1. Introduction
The brain is a nonlinear behavioral organ that can exhibit

extreme complexity.[1] The neuron is the fundamental unit of
the central nervous system and can be regarded as both a struc-
tural and functional element of the system. Moreover, neu-
rons play a crucial role in information generation, transmis-
sion, reception, and processing within the brain. Their electri-
cal activities exhibit intricate nonlinear dynamic behaviors.[2]

Various neuron models have been proposed to simulate neu-
ronal electrical activity, including two-dimensional (2D) and
three-dimensional (3D) Hindmarsh–Rose (HR) models.[3–7]

Furthermore, these HR neuron models provide an effective
framework for analyzing neuronal electrical activity due to
their relatively simple algebraic structure.

In recent years, it has been recognized that neuronal elec-
trical activity can be influenced by various factors, including
network topology,[8] noise,[9] time delay,[10] and electromag-
netic radiation. Among these, the impact of electromagnetic
radiation cannot be disregarded. With industrial development
and technological advancements, individuals are increasingly
exposed to machinery, portable electromagnetic devices, and
other instruments generating electromagnetic fields. Research
indicates that such exposure can enhance mutual electromag-
netic interactions within brain cells, potentially leading to neu-
rological disorders such as multiple sclerosis, Alzheimer’s dis-
ease, migraine, epilepsy, and Parkinson’s disease.[11] Addi-
tionally, studies have demonstrated that memristors can effec-
tively model the effect of electromotive induction on neuronal

membrane potential at the cellular level.[12] Numerous neu-
rons and neural networks constructed with memristors have
been reported in the literature, revealing their complex dy-
namic behaviors.[13–16]

In the field of neural network research, Lin et al.[17] in-
vestigated the impact of electromagnetic radiation on Hopfield
neural networks, showing that these networks can exhibit an
infinite number of hidden transient chaotic phenomena. Fur-
thermore, Ref. [18] examined the effect of electromagnetic ra-
diation on coupled small neural networks and revealed hidden
coexisting electrical activities through PSPICE simulation. A
novel cell neural network (MCNN-CS) incorporating memris-
tors was constructed in Ref. [19], demonstrating that chaotic
cell neural networks exhibit rich dynamic characteristics, high
sensitivity to initial conditions, and persistent chaotic features.
Moreover, a new memristor-based chaotic system (SC-CNN)
was proposed in Ref. [20], indicating that CNN cell neural net-
works can exhibit infinitely coexisting attractors determined
by initial values under electromagnetic radiation.

Beyond neural networks, isolated neurons have received
considerable attention due to their simple structure and effec-
tiveness in analyzing neuronal activity. For example, Ma et
al.[21] used memristors to simulate the impact of electromag-
netic radiation and found that it can not only stimulate the
discharge of resting neurons but also induce more complex
dynamic behaviors. Bao et al.[22] investigated electromag-
netic radiation effects on a 3D HR neuron model with mem-
ristors and conducted a detailed analysis of coexisting attractor
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groups, burst discharges, and their underlying mechanisms.
Similarly, Ref. [23] explored the effects of electromag-

netic radiation, revealing heterogeneous extreme multistabil-
ity and multi-scroll phenomena. These findings underscore
the significant influence of electromagnetic radiation on neu-
rons, giving rise to diverse dynamic phenomena. With rapid
advancements in nonlinear dynamics and biophysics at the
single-neuron level, researchers have initiated studies on mul-
timodal and mode-transition phenomena associated with neu-
ronal electrical activity. For instance, Parastesh et al.[24] pro-
posed a discrete fractional-order memristive HR model, show-
ing that chaotic firing depends on both fractional order and
magnetic strength, and further investigated synchronization
under electrical coupling. Moreover, using memristors as self-
connected synapses revealed four coexisting electrical activi-
ties along with transient chaos.[25] Hence, there is a pressing
need to study multimodal and mode-transition phenomena in
neuronal electrical activity.

This paper proposes a memristive HR neuron model in-
corporating the effects of electromagnetic radiation. The con-
tributions of this study include: (i) development of a physi-
cal memristor simulator and validation of its accuracy, provid-
ing a theoretical basis for investigating the characteristics of
physical memristors. (ii) The proposed memristor HR neuron
model lacks equilibrium points, enabling exploration of hid-
den dynamic phenomena. (iii) Identification of hidden asym-
metric attractors and local steady-state chaos phenomena in
the memristive HR neuron model. Notably, hidden transient
chaotic transitions are also examined, which have not been
previously reported in memristive HR neuron models.

The remainder of the paper is organized as follows. Sec-
tion 2 presents the development of a physical memristor sim-
ulator based on the Ti/TiO2−x:Cu/Cu (TTC) nano-memristor
mathematical model, with its accuracy verified through Multi-
sim simulations. A novel memristive HR neuron model is also
constructed. Section 3 combines theoretical analysis and nu-
merical simulations to examine the dynamic behaviors of the
memristive HR neuron model. In Section 4, the proposed neu-
ron model is implemented in Multisim to demonstrate its dy-
namic behaviors. Finally, conclusions are drawn in Section 5.

2. The model of memristive neuron
2.1. Description of the TTC memristor

In our previous investigations, the TTC nano-memristor
was fabricated via magnetron sputtering, and a corresponding
mathematical model was established, defined as follows:[26]{

im = βϕm sinh(αvm),
dϕm
dt = µvm,

(1)

where ϕm denotes the magnetic flux, and vm and im repre-
sent the voltage across and current through the memristor, re-

spectively. The symbols α , β , and µ are fitting parameters,
and t is the integration time constant. By setting α = 0.8,
β = 0.000125, and µ = 0.535, and applying a sinusoidal volt-
age vm = Vm sin(2π f t) to the memristor, Fig. 1(a) illustrates
the resulting V –I characteristic of the memristor. As shown in
Fig. 1(a), increasing the frequency of the input sinusoidal sig-
nal leads to a reduction in the side-lobe area of the hysteresis
curve. When the frequency f is fixed at 0.5 Hz and Vm is var-
ied, the V –I curve of the memristor is presented in Fig. 1(b).
It is evident that an increase in amplitude results in an enlarge-
ment of the hysteresis side-lobe area. These simulation results
indicate that the memristor model effectively captures the es-
sential characteristics of memristive behavior.
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Fig. 1. Pinched hysteresis loops of the TTC memristor under different
excitations: (a) varying excitation frequencies f , (b) varying excitation
amplitudes Vm.
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Fig. 2. Schematic diagram of the equivalent circuit for the TTC memristor.

For chaotic systems, the dynamic behavior is highly sen-
sitive to initial conditions, leading to eventual divergence in
system states even when the initial values are nearly iden-
tical. Previous experiments with physical memristors have
faced challenges in precisely setting their initial conditions,
limiting the investigation of dynamic phenomena dependent
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on these values, such as coexisting attractors and extreme mul-
tistability. To address this limitation, we have developed a
TTC memristor simulator (Fig. 2) that effectively reproduces
the essential characteristics of a TTC memristor using only a
minimal set of simulator components.

The circuit comprises resistors, capacitors, diodes
(1N4148), a multiplier (AD633JN), and four integrated oper-
ational amplifiers (TL082CP). Among these components, U1
is used to control the fitting parameter µ , U2 controls the inte-
gration in Eq. (1), U3 controls the fitting parameter α , and U4
controls the fitting parameter β . The multiplier g performs the
integration operation on the two-terminal signal. As shown in
Fig. 2, the current through each diode can be described using
the Shockley diode equation

ID = Is

(
e

vD
nVT −1

)
, (2)

where IS is the reverse-bias saturation current, n is the emis-
sion coefficient, VT is the thermal voltage, and vD is the volt-
age across the diode. According to Kirchhoff’s current law,
the following expression can be obtained

I = I1− I2 = Is

(
e

vAB
nVT −1

)
− Is

(
e
−vAB
nVT −1

)
= Is

(
e

vAB
nVT − e

−vAB
nVT

)
= 2Is sinh

(
vAB

nVT

)
. (3)

Based on circuit theory, the governing equation of the mem-
ristor simulator can be written as in Eq. (4), where vm and
im denote the voltage and current, and ϕm represents the state
variable of the memristor simulator

im =
R5gϕm

R6
I = 2Is

R5gϕm

R6
sinh

(
R4

nVTR3
vm

)
,

C1
dϕm

dτ
=

R2

R1R
vm.

(4)

Table 1. The experimental variable value of the equivalent
circuit of the memristor.

Parameters Values Parameters Values

Is 1 nA R3 10 kΩ

VT 26 mV R4 0.416 kΩ

n 2 R5 62.5 MΩ

R 10 kΩ R6 10 kΩ

g1 1 R2 5.35 kΩ

R1 10 kΩ

Equation (4) can be simplified to Eq. (1) by introducing
a time scale factor τ = RC1t and defining α = R4/(nVTR3),
β = 2ISR5g, and µ = R2/(R1R0). In circuit experiments, the
sinusoidal signal vm =Vm sin(2πFt) is generated using a func-
tion generator, with oscillation frequency F = f/(RC1). When
the circuit parameters are set as listed in Table 1, varying input

voltages and frequencies produce pinch hysteresis loops cor-
responding to the numerical simulation results in Fig. 3. The
close agreement between numerical simulations and experi-
mental measurements demonstrates the effectiveness of the
memristor simulator.
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Fig. 3. Pinched hysteresis loops of the TTC memristor under different
excitations: (a) varying excitation frequencies F , (b) varying excitation
amplitudes Vm.

2.2. Memristive HR neuron model

The Hodgkin–Huxley neuron model is a well-established
framework that exhibits rich electrical activity. However, its
algebraic structure is highly complex. As a result, several
simplified neuron models have been developed based on this
framework, including the 2D HR neuron model. The 2D HR
model provides a straightforward yet effective approach for
investigating neuronal dynamics, capable of generating both
spikes and bursts of electrical activity. Its mathematical for-
mulation is given by

dx
dt

= y−ax3 +bx2 + I,

dy
dt

= c−dx2− y,
(5)

where x and y denote the neuron’s membrane potential and
recovery variables, respectively. The symbol I represents the
external stimulus current, and a, b, c, and d are model param-
eters.

Despite its simplicity, this model is limited to generat-
ing basic periodic oscillations, as illustrated in Fig. 4, and
cannot capture the complex nonlinear phenomena observed
in biological neurons.[27] Furthermore, empirical studies have
shown that appropriate electromagnetic radiation can induce
chaotic discharge in resting-state neurons, significantly modi-
fying their dynamic behavior. Therefore, it is essential to con-
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sider the effects of electromagnetic radiation when extending
2D HR neuron models for more realistic simulations.
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Fig. 4. Firing behavior and phase portrait of the original 2D HR neuron
model: (a) time series, (b) phase portrait.

The impact of electromagnetic radiation on an isolated
neuron can be characterized by fluctuations in magnetic flux
across the cell membrane, as described by Maxwell’s equa-
tions, while the coupling between magnetic flux and mem-
brane potential can be realized using a magnetically controlled
memristor.[28] Based on this concept, we have developed a 3D
memristive HR neuron model incorporating electromagnetic
induction. The state equations for this memristive HR neu-
ron (MHRN) model are given in Eq. (6). The parameters in
the memristive term, α and β , are derived from the physical
TTC memristor model, representing the nonlinear ion chan-
nel dynamics and the intensity of electromagnetic induction,
respectively.[26] The parameter µ denotes the feedback gain
from membrane potential to magnetic flux, analogous to the
sensitivity of ion channels to changes in the electrical field in
biological neurons.[28] This formulation provides a biophys-
ically plausible representation of how electromagnetic fields
can modulate neuronal excitability and firing patterns, as ob-
served in studies of neurological disorders[11]



dx
dt

= y−ax3 +bx2 + I +βϕm sinh(αx),

dy
dt

= c−dx2− y,

dϕm

dt
= µx.

(6)

Here, ϕm represents the magnetic flux through the membrane,
βϕm sinh(αx) represents the magnetically induced current, β

denotes the electromagnetic induction intensity, and µ repre-
sents the feedback effect of membrane potential on the mag-
netic flux. The adjustable parameters in this MHRN model (6)

are I and β , which are restricted to the first quadrant of the
parameter space (I > 0 and β > 0). Setting the left-hand
side of Eq. (6) to zero shows that an equilibrium point ex-
ists only when I = −c < 0, which contradicts the condition
I > 0. Therefore, the system has no equilibrium points, and all
generated attractors are hidden.

Compared to other memristive neuron models, such as
the FitzHugh–Nagumo or Wilson models,[12–14] which often
employ idealized memristive functions, our model is distin-
guished by its foundation in a physical TTC memristor with
a sinh-type nonlinearity. This approach offers two main ad-
vantages: first, it provides a more accurate and hardware-
realizable representation of electromagnetic induction effects;
second, it leads to the emergence of richer and more complex
hidden dynamics, including transient chaotic transitions and
local constant chaos, which are less commonly reported in
models with simpler memristive approximations. These fea-
tures make our model particularly suitable for investigating the
complex nonlinear phenomena induced by electromagnetic ra-
diation in biological neurons.

3. Complex dynamics analysis
3.1. Dynamics varied with I

The parameters of the proposed MHRN model (6) are set
as follows: a = 1, b = 3, c = 1, d = 5, α = 0.8, β = 1.175, and
µ = 0.535. When the parameter I is varied within the range
[0.3,0.6] with the initial condition (0.6,0,0), the bifurcation
diagram of the membrane potential x is shown in Fig. 5(a).
The corresponding first two Lyapunov exponents are depicted
in Fig. 5(b), revealing dynamic phenomena such as periodicity,
period windowing, period-doubling bifurcation, and the onset
of chaos. These results demonstrate that incorporating a mem-
ristor into the original two-dimensional HR neuron model (5)
leads to more intricate bifurcation behaviors.

As observed in Fig. 5, the bifurcation diagram and Lya-
punov spectrum diagram correspond closely, indicating the
same ranges of periodic and chaotic dynamics. Starting from
I = 0.3, the system trajectory briefly passes through a period
window near I = 0.354 before entering another chaotic region.
Subsequently, an inverse period-doubling bifurcation transi-
tions the system from chaos back to periodicity. As I increases
further, the system re-enters a chaotic region within [0.47,0.5],
followed by another transition to a periodic state via an inverse
period-doubling bifurcation. Additionally, Fig. 6 presents nine
distinct attractors corresponding to different values of I, pro-
viding clear evidence of this bifurcation process.

3.2. Coexisting attractors

In nonlinear systems, the coexistence of attractors is a
common phenomenon, indicating that, by keeping system
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parameters fixed while varying the initial conditions, multi-
ple types or shapes of attractors can emerge. In this sec-
tion, the initial values of the system are set to (0.6,0,0) and
(−5,3,−1), respectively. As the parameter I increases from
0.3 to 0.6, the bifurcation diagram of the maximum membrane
potential x changes correspondingly, as shown in Fig. 7(a).
The maximum Lyapunov exponents are depicted in Fig. 7(b),
where the blue trajectory corresponds to the initial condition
(0.6,0,0) and the red trajectory corresponds to (−5,3,−1).

From Fig. 7, it is evident that the bifurcation diagram de-
pends sensitively on the initial conditions: the system with ini-
tial values (−5,3,−1) exhibits different dynamics compared
to (0.6,0,0). This indicates the coexistence of periodic and
chaotic attractors, in addition to period-doubling and simple
periodic orbits. Numerical simulations in the y–x plane reveal
four sets of coexisting attractors at I = 0.353, 0.48, 0.505, and
0.55, as illustrated in Fig. 8. Among these trajectories, the blue
one corresponds to the initial state (0.6,0,0), while the red tra-
jectory corresponds to (−5,3,−1). Furthermore, Figs. 8(a)–

8(c) show three sets of coexisting chaotic and periodic attrac-
tors, whereas Fig. 8(d) presents two sets of coexisting periodic
attractors. Hence, the memristive HR neuron model (Eq. (6))
can generate multiple types of multi-group coexisting attrac-
tors under different initial conditions, demonstrating its high
sensitivity to initial values.

3.3. Transient chaotic transition phenomena

Transient chaos refers to trajectories that exhibit chaotic
behavior over a finite time interval before settling into a
final non-chaotic state, which may be either periodic or
stationary.[29] The emergence of transient chaos can be at-
tributed to the gradual convergence between a chaotic attractor
and its basin of attraction in phase space as system parameters
vary. Upon reaching a critical parameter value, the chaotic
attractor may encounter unstable periodic orbits, resulting in
a boundary crisis. The occurrence of transient chaos is thus
often associated with such boundary crises.
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Fig. 9. Transient chaotic phenomenon: (a) time series of membrane po-
tential, (b) corresponding phase diagram.

For example, consider the system parameters a= 1, b= 3,
c = 1, d = 5, α = 0.8, β = 1.195, µ = 0.535, and I = 0.512.
Transient chaos occurs when the initial condition is set to
(−1.4,0,0). In this case, the system trajectory transitions from
a chaotic state to a periodic state over time. As shown in
Fig. 9(a), the time series of the membrane potential x exhibits
chaos within the interval [0,900], and gradually evolves into
periodic behavior for t > 900. To further illustrate this tran-
sient chaotic behavior, Fig. 9(b) presents the phase portraits in
the y–x plane: the blue trajectory corresponds to the chaotic
phase within [0,900], while the red trajectory represents the
periodic phase within [900,2000].

In addition to the previously described transient chaotic
phenomena, the system also exhibits transient chaotic transi-
tion behavior. When the parameters are set as a = 1, b = 3,
c = 1, d = 5, α = 0.8, β = 1.13, µ = 0.535, I = 0.3, and
the initial condition is (0,0,0), a transient chaotic transition
can be observed. Figure 10(a) illustrates the time series of
the membrane potential x, where the transient chaotic inter-
val occurs within [0,350] and subsequently transitions into
another chaotic state for t > 350. To further illustrate this

120504-6



Chin. Phys. B 34, 120504 (2025)

phenomenon, Fig. 10(b) presents the phase portrait in the y–
x plane, with the blue trajectory corresponding to the interval
[0,350] and the red trajectory representing [350,800]. Unlike
conventional transient chaos, this unusual transition behavior
is highly sensitive to initial conditions, representing a novel
dynamic phenomenon.
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Fig. 10. Transient chaotic transition phenomenon: (a) time series of mem-
brane potential, (b) corresponding phase diagram.

3.4. Local constant chaotic state and state transition
caused by initial conditions

When system parameters are fixed, the dynamic behavior
can remain chaotic despite variations in initial conditions. This
phenomenon is referred to as a locally constant chaotic state.
In biological neurons, such sustained chaotic activity may cor-
respond to neural states associated with high-level cognitive
processes, such as attention or creative thinking, where a bal-
ance between stability and flexibility is essential.

Considering the parameter values a = 1, b = 3, c = 1,
d = 5, α = 0.8, β = 1.25, µ = 0.535, and I = 0.1, and an
initial condition of (x(0),0,0), the bifurcation diagram with
respect to x(0) is shown in Fig. 11(a). It can be observed that
variations in x(0) have minimal impact on the system’s dy-
namics. The corresponding first two Lyapunov exponents are
depicted in Fig. 11(b). Within the interval x(0) ∈ (−5,5), the
maximum Lyapunov exponent remains consistently positive,
while the sum of all three Lyapunov exponents remains neg-
ative and unchanged. These results indicate that the system
maintains a locally constant chaotic state within this range.

State switching is defined as a perturbation near a critical
point that can induce a qualitative change in the system’s dy-
namic behavior. When system parameters vary, a previously

stable chaotic state may be disrupted, leading to state switch-
ing. To investigate this phenomenon, the system parameters
are set as a = 1, b = 3, c = 1, d = 5, α = 0.8, β = 1.19,
µ = 0.535, I = 0.51, with the initial condition (x(0),0,0).
Figure 12 illustrates the bifurcation diagram of the maxi-
mum membrane potential x and the corresponding Lyapunov
spectrum within the range x(0) ∈ [−3.25,3.25]. The figure
demonstrates alternating transitions between periodic and x(0)
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Fig. 11. Analysis of locally constant chaotic behavior of the system vary-
ing with x(0): (a) bifurcation diagram, (b) Lyapunov exponent spectrum.
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cation diagram, (b) Lyapunov exponent spectrum.
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chaotic states in the system’s dynamics. Specifically, as in-
creases from −3.25 to −0.12, the system switches from a pe-
riodic to a chaotic state, followed by locally constant chaotic
behavior around x(0) = −0.08. Subsequently, the system re-
turns to a periodic state with a periodic window in the range
(−0.8,0.8), transitions again to a locally constant chaotic state
for x(0) ∈ (0.4,1.8), and finally, after a period window in
x(0) ∈ (1.9,3), the system switches back to a local constant
chaotic state. These observations highlight that the sensitivity
of the system’s state-switching process is strongly dependent
on initial conditions.

3.5. Offset boosting control

The proposed MHRN system (6) can implement compen-
sation control on the state variable y by introducing an offset
variable u, such that y→ y+ u. Under this control, a hidden
parameter shift phenomenon can occur within specific regions.
By selecting an appropriate value for u, the system can effec-
tively compensate for variations in y.
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Fig. 13. Chaotic attractors and time series of state variable y under offset
boosting with control parameter u: (a) phase diagram in the y–ϕm plane
for u = 0 (red), u = −6 (green), and u = 6 (yellow); (b) time series of y
for u = 0 (red), u =−6 (green), and u = 6 (yellow).

Specifically, consider the transformations x → x, y →
y+u, and ϕm→ ϕm, where u is the offset boosting controller.
Then, Eq. (6) can be rewritten as

dx
dt

= y+u−ax3 +bx2 + I +βϕm sinh(αx),

dy
dt

= c−dx2− (y+u),

dϕm

dt
= µx.

(7)

The system parameters for Eq. (7) are set as a= 1, b= 3, c= 1,
d = 5, α = 0.8, β = 1.2, µ = 0.535, and I = 0.3. Under the
initial condition (0,0,0), the system exhibits a hidden param-
eter shift phenomenon as u varies from −6 to 6. Without loss
of generality, we select u =−6, 0, and 6 as representative ex-
amples. Numerical simulations yield the phase diagram of the
hidden parameter shift attractors in the y–ϕm plane, as shown
in Fig. 13(a). These attractors demonstrate a linear distribu-
tion pattern with increasing values of the control parameter u.
Furthermore, Fig. 13(b) presents the time series of the state
variable y, further confirming this observed phenomenon.

4. Schematic diagram and circuit parameter se-
lection

To validate the accuracy of the theoretical analysis, an
equivalent circuit is designed, as illustrated in Fig. 14. The
operational amplifier TL082CP is chosen with a±15 V power
supply, while the multiplier employed is AD633JN.

In Fig. 14, the primary circuit of the MHRN model con-
sists of two integrating channels, implementing the first and
second equations of the system (6). According to Kirchhoff’s
current law, the circuit equations can be expressed as follows:



RC1
dVx

dt
=

R
R10

Vy−
g1g2R

R8
V 3

x +
g2R
R7

V 2
x +

R
R9

V1

+
2RIsR5gϕm

R6
sinh

(
R4

nVTR3
vm

)
,

RC2
dVy

dt
=

R
R12

V2−
g3R
R13

V 2
x −

R
R11

Vy,

RC3
dVϕm

dt
=

R2

R1R
Vx,

(8)

where V1 and V2 are the external bias voltages, and g1, g2, g3,
and g denote the gains of the multipliers. The variables Vx, Vy,
and Vϕm represent the capacitor voltages of the respective in-
tegrated circuit channels. By comparing Eqs. (8) and (6), the
circuit components can be determined as


R10 = R, R8 =

g1g2R
a

, R7 =
g2R

b
, R9 =

V1R
I

,

R6 =
2RIsR5g

β
, R12 =

V2R
c

, R13 =
g3R
d

, R11 = R.
(9)

A time scale factor of RC = 10 kΩ× 100 nF = 1 ms is
adopted, where R = 10 kΩ and C = 100 nF. By normalizing
the voltages as x =Vx/1 V, y=Vy/1 V, and ϕm =Vϕm/1 V, and
setting g1 = g2 = g3 = g4 = 1, the remaining circuit parame-
ters can be calculated according to Eq. (9) and are summarized
in Table 2.
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Fig. 14. The circuit schematic diagram of the proposed MHRN model.

Table 2. Circuit parameters of the proposed MHRN model.

Parameters Values Parameters Values

R7 3.33 kΩ R13 2 kΩ

R8 10 kΩ V1 1.5 V
R9 adjustable V2 1.5 V
R10 10 kΩ R11 10 kΩ

R12 15 kΩ R6 adjustable

5. Experimental results
Based on the circuit schematic shown in Fig. 14, simula-

tion verification is carried out using Multisim 14.0 software.
The circuit parameters are listed in Table 2, where R6 and R9

serve as adjustable components corresponding to β and I in
Eq. (6). The initial voltages of the capacitors (Vx(0), Vy(0),
Vϕm(0)) represent the initial conditions of the system.
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Fig. 15. Experimental phase trajectories illustrating the effect of current I on system dynamics for different values of R9: (a) R9 = 48.39 kΩ,
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Fig. 16. Coexisting attractors observed in the circuit implementation for different values of R9: (a) R9 = 42.49 kΩ, (b) R9 = 31.25 kΩ, (c) R9 =
30 kΩ, (d) R9 = 27.27 kΩ.
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Fig. 17. Circuit realization of various neuronal signals: (a) transient
chaos with initial capacitor voltages (−3 V, 0 V, 0 V), R9 = 8.368 kΩ,
R6 = 29.3 kΩ; (b) transient chaotic transition with initial capacitor volt-
ages (0 V, 0 V, 0 V), R9 = 7.69 kΩ, R6 = 50 kΩ.

When the capacitor initial voltages are set to
(0.6 V,0 V,0 V) with R6 fixed at 8.51 kΩ (corresponding
to β = 1.175), the effect of the current I on the system dy-
namics is simulated by varying the resistance R9. Figure 15
presents the Vy–Vx phase trajectories for different R9 values,
capturing a range of chaotic and periodic attractors.

Furthermore, by setting the capacitor initial voltages to
(−5 V,3 V,−1 V) while keeping R6 = 8.51 kΩ constant,
the coexistence of attractors at four different R9 values is ob-
served, as illustrated in Fig. 16. In addition, by varying the ini-

tial voltages, R9, and R6 according to the same methodology,
transient chaos, transient chaotic transitions, and normal neu-
ronal signals are successfully captured, as shown in Fig. 17.

6. Conclusion
In this work, an emulator corresponding to the TTC phys-

ical memristor mathematical model was designed, and a novel
3D HR neuron model was constructed based on the TTC mem-
ristor model. Through theoretical analysis, it was found that
within a specific parameter region, the 3D memristive HR neu-
ron model lacks an equilibrium point, thereby exhibiting hid-
den dynamic behavior. Comprehensive investigations using
phase diagrams, bifurcation diagrams, and Lyapunov exponent
spectra confirm that the proposed neuron model can manifest
a wide range of dynamic phenomena, including coexisting at-
tractors, transient chaotic dynamics, transient chaotic transi-
tions, and offset-enhanced attractors. Furthermore, the model
demonstrates pronounced sensitivity to initial conditions. Fi-
nally, an equivalent circuit implementation of the memristive
HR neuron was developed, and its dynamic behavior was suc-
cessfully verified through circuit simulations.
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