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Bionic circuits can reproduce the firing activities of excitable biological neurons, which are the potential hardware
foundation for artificial intelligent applications. This paper builds a meminductive and memristive emulator-based bionic
circuit by referring to the electrophysiological microstructure of the lipid bilayer membrane of a biological neuron, within
which an S-type memristor and a flux-controlled meminductor are employed to characterize the ion channels and their
internal electromagnetic induction, respectively. The schematic of the bionic circuit only involves a capacitor, a memristor,
a meminductor, and an external direct current (DC) source. Numerical simulations demonstrate that the bionic circuit can
generate abundant chaotic and periodic spiking activities for the external stimulus, memristor-, and meminductor-related
parameters. Moreover, a printed circuit board (PCB)-based hardware circuit is manually fabricated, upon which experi-
mental measurements are performed to verify the chaotic and periodic spiking activities. This exploration demonstrates
the feasibility of the bionic circuit in generating spiking activities and provides a hardware foundation for spike-based
applications.
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1. Introduction
Spiking activity is the foundation for information inte-

gration and transmission in biological systems, which has
attracted extensive attention in spike-based applications.[1,2]

Scientists have expressed great concern about the gener-
ation and regulation of neuron-like spiking activities, al-
though they cannot replicate the spiking activities of biolog-
ical neurons.[3,4] From the circuit dynamics viewpoint, bionic
circuits have been built by referring to the neuronal function-
alities or the electrophysiological microstructure of biological
neurons, which can equivalently express the process of elec-
trical signal processing in biological neurons.[5,6]

Bionic circuits can be designed by equivalently realizing
existing neuron models,[7,8] directly building via consideration
of microstructure,[9,10] and macroscopically constructing via
consideration of neuronal functionality.[11,12] In the literature,
discrete circuit components,[6] CMOS-based technology,[13]

and field-programmable gate array (FPGA)- and STM32
microcontroller-based digital platforms[14,15] were frequently
employed to implement these bionic circuits to reproduce
spiking activities. In recent years, physical mem-elements
were deployed to build bionic circuits with a combination of
discrete circuit components or CMOS-based technology.[16]

These approaches have the features of high integration and low
energy consumption, since mem-elements possess nano-scale

structures.[17]

To date, physical memristors have been employed to con-
struct bionic circuits to realize different neuronal functional-
ities. These include a Mott memristor to implement an af-
ferent nerve,[18] a diffusive memristor to achieve a spiking
circuit,[19] a locally active memristor (LAM) to build a super-
reduced neuron circuit,[20] and a stacked memristor for a leaky
integrate-and-fire circuit,[21] among others. Moreover, physi-
cal memcapacitors have been employed to build bionic circuits
to reduce static energy, including a ferroelectric memcapacitor
for multilevel operation,[22] a hafnium oxide-based memca-
pacitor array for neuromorphic computing,[23] a memcapac-
itive device for self-powered electronics,[24] and an analog
memcapacitive device for spiking neuromorphic systems.[25]

Lagging behind the development of memristive and memca-
pacitive devices, meminductive devices have been deployed
in neuromorphic computing.[26] Owing to the commercial un-
availability of physical mem-elements, using mem-element
emulators to design bionic circuits[27,28] and to perform ver-
ification experiments is a feasible approach.[29,30]

LAM is a special kind of memristor, which possesses
the prominent features of a locally active domain with neg-
ative differential conductance and the edge of chaos. These
features are the origin of spiking activity. LAMs contain
S-type (current-controlled) and N-type (voltage-controlled)
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ones.[31] From the circuit modeling viewpoint, S-type LAMs
are frequently connected in a branch with a known current,
while N-type LAMs are often connected with a known volt-
age. In previous literature, locally active memristors were de-
ployed to characterize the electrophysiological properties of
ion channels by employing their plasticity to construct bionic
circuits, including memristive Hodgkin–Huxley circuits,[32]

Morris–Lecar circuit,[33] and Wilson circuit, etc. In addi-
tion, LAMs were used to build a memristor synapse-based
neural network.[34,35] These studies indicate that LAMs share
similar dynamical properties with biological ion channels and
synapses.

The meminductor restricts the constitutive relation be-
tween current and flux, thereby having current-controlled and
flux-controlled types.[36] Meminductors have been used to
construct chaotic circuits in a general approach.[37] High-
frequency CMOS meminductors with high operating fre-
quency and low power consumption were developed, demon-
strating the integrability of meminductors in electronic
circuits.[13,38] In addition, charge-controlled meminductors
have been realized using a second-generation current con-
veyor (CCII) and differential-output second-generation cur-
rent conveyor (DO-CCII) as core active components.[39]

A compact electronically tunable meminductive emulator
based on metal–oxide–semiconductor field-effect transistor-
capacitor (MOSFET-C) technology has been designed, which
can be used in adaptive learning bionic circuits and mimic
behavioral responses of amoeba under varying environments
such as temperature.[40] Besides, multiplier-free floating and
grounded charge-controlled meminductive emulators have
been proposed by employing CDTA and VDCC, which
have the features of low component count and ease of in-
tegration, highlighting their applicability to neuromorphic
computing.[41] These meminductive emulators are equiva-
lently implemented, which is different from meminductive
devices.[26] These meminductive emulators and devices ex-
hibit sensitivity to flux, which can emulate electromagnetic
induction effects according to Maxwell’s electromagnetic the-
ory. Recent theoretical studies have shown that electro-
magnetic induction can significantly modulate neuronal firing
rhythms and membrane potential evolution.[42–45] Thus, this
paper employs a meminductor to characterize electromagnetic
induction inside ion channels.

Biological neurons respond to external stimuli. In theo-
retical studies, dynamical behaviors and firing patterns for di-
rect current (DC), alternating current (AC), pulse, and noise
inputs were explored in neuron models and bionic circuits.
Fast–slow dynamics for bursting, stochastic resonance, and
regular bifurcation routes were investigated via numerical sim-
ulations and experimental measurements. Moreover, previous
studies have explored improved neuron models capable of rea-
sonably representing electromagnetic induction effects, i.e., a

modified discrete Rulkov neuron model coupled with mem-
ristors to describe electromagnetic induction effects.[46] These
investigations enrich neuronal dynamics and enable flexible
modulation of firing patterns, which inspires more comprehen-
sive modeling of bionic circuits.

The main content of this paper is organized as follows.
Section 2 presents the modeling of the meminductive and
memristive emulator-based bionic circuit. Section 3 reveals
dynamical behaviors and spiking activities associated with an
external DC stimulus, memristor- and meminductor-related
parameters via double- and single-parameter bifurcation di-
agrams, Lyapunov exponents, and time-domain waveforms.
Section 4 implements a printed circuit board (PCB)-based
analog hardware circuit and conducts experimental measure-
ments to validate the numerical results. Finally, conclusions
are drawn in Section 5.

2. Modeling of the meminductive and memris-
tive emulator-based bionic circuit
This section proposes an S-type memristive emulator and

a flux-controlled meminductive emulator and then investigates
their properties. After that, the meminductive and memristive
emulator-based bionic circuit is built, and its circuit state equa-
tions are modeled.

2.1. Memristive and meminductive emulators

Figure 1 shows the circuit schematic of the memristor em-
ulator and the meminductor emulator. Figure 1(a) is for the
S-type (current-controlled) memristive emulator, which con-
tains a current-feedback operational amplifier (C-FOA) U1, an
inverting integrator module implemented via operational am-
plifiers (op-amps) UA, and four analog multiplier modules M1

to M4. The S-type memristive emulator includes an integration
capacitor C1 whose terminal voltage vσ represents the internal
state variable of the S-type memristor. The circuit state equa-
tion of the S-type memristor can be expressed as

vM = g4(g2v2
σ −EM)iMRM,

C1
dvσ

dt
=

g1i2MR2
M

R1
− g2v2

σ

R2
− g3vσ iMRM

R3
,

(1)

where iM and vM denote the input current and the across volt-
age of the memristor, respectively. g1 to g4 are the volt-
age gains of multipliers M1 to M4. The memristive func-
tion is M = g4(g2v2

σ − EM)RM. Typical parameters of the
S-type memristive emulator are g1 = g2 = g3 = g4 = 1 V−1,
R1 = R2 = 10 kΩ, R3 = 5 kΩ, C1 = 10 nF, RM = 1.5 kΩ, and
EM = 0.5 V.

Figure 1(a) displays the circuit schematic of the memin-
ductive emulator, which comprises a floating module com-
posed of C-FOAs U2 to U4, two inverting integrators imple-
mented by op-amps UA and UB, and two analog multipliers
M5 and M6. The floating module allows the meminductor to

068707-2



Chin. Phys. B 35, 068707 (2026)

be connected in series without ground limitation. The flux-
controlled meminductor includes two integration capacitors C2

and C3. The across voltage vϕL of C2 represents the internal
flux of the meminductor, while the across voltage vγ of C3

stands for its internal state variable. The circuit state equation
of the meminductor can be written as

iL =
g6(g5v2

γ −EL)vϕL

RL
,

C2
dvγ

dt
=

vϕL

R4
−

vγ

R5
,

C3
dvϕL

dt
=

vL

R6
.

(2)

Here, vL and iL are the across voltage and input current of
the meminductor. g5 and g6 are the voltage gains of multipli-
ers M5 and M6, respectively. The meminductive function is
given by LM = g6(g5v2

γ −EL)/RL. Typical parameters of the
flux-controlled meminductive emulator are g5 = g6 = 1 V−1,
R4 = R5 = R6 = 10 kΩ, C2 = C3 = 10 nF, RL = 1.5 kΩ, and
EL = 0.5 V.

Denote iM and vM as IM and VM, and substitute them into
Eq. (1), the DC V –I curve of the S-type memristor is obtained

by numerical simulation, as shown in Fig. 2(a). The DC V –I
curve shows an S-shape and possesses a negative slope in seg-
ments ab and cd, which indicates that the memristor is current-
controlled and locally active with negative differential conduc-
tance (NDC).[47,48] Segment ab corresponds to the negative
differential conductance region for −0.328 V ≤VM ≤ 0.056 V
and 0.656 mA ≥ IM ≥ −0.112 mA, and segment cd corre-
sponds to the negative differential conductance region for
0.328 V≥VM ≥−0.056 V and −0.656 mA≤ IM ≤ 0.112 mA.
This means that the S-type memristor can be operated in its
locally active domain when supplied with a DC voltage within
these ranges.[49] Note that the memristor can operate in its
locally active domain without a DC bias, since both segments
pass through the origin. Then, iM = iMAX sin(2πFt) is applied
with F = 1 kHz, 2 kHz, and 3 kHz, and iMAX = 0.5 mA to
the input terminal of the memristor. The frequency-dependent
pinched hysteresis loops are numerically acquired, as shown in
Fig. 2(b). The frequency-dependent pinched hysteresis loops
pass through the origin and shrink with increasing frequency,
which meets the definition of a memristor.[50] Figure 2(c)
shows the frequency-dependent pinched hysteresis loops of

(a)

(b)

Fig. 1. Memristive and meminductive emulators: (a) S-type memristor emulator; (b) flux-controlled meminductor emulator.
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Fig. 2. Properties of the emulators: (a) DC V –I curve of the S-type memristor, where segment ab corresponds to the negative differential
conductance (NDC) region for −0.328 V ≤VM ≤ 0.056 V and 0.656 mA ≥ IM ≥−0.112 mA, and segment cd corresponds to the NDC region
for 0.328 V ≥ VM ≥ −0.056 V and −0.656 mA ≤ IM ≤ 0.112 mA; (b) frequency-dependent pinched hysteresis loops of the S-type memristor;
(c) frequency-dependent pinched hysteresis loops of the flux-controlled meminductor.

the meminductor for vM = vMAX sin(2πFt) with F = 1 kHz,
2 kHz, and 3 kHz. The frequency-dependent pinched hystere-
sis loops pass through the origin, and the area of each lobe
decreases with increasing frequency, which satisfies the defi-
nition of a meminductor.[36]

2.2. Circuit modeling

In the left panel of Fig. 3, the schematic of the microstruc-
ture of a biological neuron is shown. The main structure con-
tains ion channels and a lipid bilayer membrane. Potassium
and sodium ions move inward and outward, leading to the
generation of ion channel currents. The biological neuron is
in a resting state without external stimulus. In this state, a
small number of potassium and sodium ions pass through ion
channels to maintain a dynamic balance. A large number of
potassium ions move outward and sodium ions move inward;
thus, an action potential is triggered when an external stimulus
is applied and exceeds the threshold of an excitable neuron.
During the formation of an action potential, potassium and
sodium ions in their channels are uniformly transported, re-
sulting in uniformly varying ionic currents. In this process, the
conductance of ion channels is under dynamic self-regulation,
and complex electromagnetic induction is triggered in the ion
channels. Some bionic circuits have been proposed to gener-
ate spiking activities of biological neurons, although it is im-
possible to fully reproduce the spiking activities of biological
neurons. The bionic circuit provides a hardware foundation
for artificial intelligence applications.

Fig. 3. Schematic of the meminductive and memristive emulator-based
bionic circuit.

In the literature, numerous bionic circuits have been built
by referring to the microstructure of a biological neuron,
within which capacitors and time-varying resistors are fre-
quently deployed to characterize the lipid bilayer membrane
and ion channels, respectively. In recent years, memcapacitors
and LAMs have been employed to build bionic circuits. Elec-
tromagnetic induction induced by varying ionic currents is not
considered in these bionic circuits. The meminductor restricts
the constitutive relationship between flux and current, which
can be deployed to characterize the electromagnetic induction
effect between flux and ionic currents. From the viewpoint
of circuit modeling, we utilize an S-type memristor and a flux-
controlled meminductor connected in series to characterize the
electrophysiological properties of ion channels and their inter-
nal electromagnetic induction, as shown in the right panel of
Fig. 3. Here, we employ a capacitor to characterize the lipid
bilayer membrane to simplify the bionic circuit model. The
capacitor and the branch composed of the memristor and me-
minductor are connected in parallel, since ion channels are em-
bedded within the lipid bilayer membrane. The bionic circuit
is driven by a DC current source. By introducing the mem-
ristive and meminductive emulators into the circuit schematic,
the mathematical state equations of the bionic circuit shown in
Fig. 3 can be formulated as

C1
dvσ

dt
=

g1i2MR2
M

R1
− g2v2

σ

R2
− g3vσ iMRM

R3
,

C2
dvγ

dt
=

vϕL

R4
−

vγ

R5
,

C3
dvϕL

dt
=

vC −g4(v2
α −EM)iMRM

R6
,

C
dvC

dt
= I −

g6(g5v2
γ −EL)vϕL

RL
.

(3)

The typical parameters are set as C = 100 nF, I = 0.38 mA,
RM = 1.5 kΩ, EM = 0.5 V, RL = 1.5 kΩ, and EL = 0.5 V.

3. Dynamical behavior exploration
In this subsection, we explore the dynamical behavior of

the memristive and meminductive emulator-based bionic cir-

068707-4



Chin. Phys. B 35, 068707 (2026)

cuit using double-parameter and single-parameter bifurcation
diagrams, double-parameter and single-parameter Lyapunov
exponents (LEs), and time-domain waveforms for external
stimulus and ion channel-related parameters, e.g., I, RM, EM,
RL, and EL. The bifurcation diagrams are simulated using the
MATLAB ODE45 solver with a time step of 10−6 s and a to-
tal simulation time of 0.1 s. The LEs are computed using a
Jacobi-matrix-based Wolf’s method with a time step of 10−4 s
and a final simulation time of 0.1 s. The initial states are set to
[vσ (0),vγ(0),vϕL(0),vC(0)] = [0 V,0 V,0 V,0 V]; that is, the
effect of initial conditions is not considered.

A single-parameter bifurcation diagram for I is plotted
to explore the dynamical behavior under external stimuli, as
shown in Fig. 4. The bionic circuit undergoes forward and re-
verse period-doubling bifurcation routes as I increases from
0.25 mA to 0.85 mA. In detail, the bionic circuit begins with
period-1 at 0.25 mA, then evolves into chaos via a forward
period-doubling bifurcation route. Afterward, a period-3 win-
dow appears due to a tangent bifurcation, and then chaos
emerges via a chaos crisis. Subsequently, multiple reverse
period-doubling bifurcation routes and chaos-crisis scenarios
occur. Finally, the bionic circuit returns to period-1 behavior.
This demonstrates that the bionic circuit can generate abun-

dant periodic and chaotic firing behaviors. Here, we only
present the first two LEs. LE1 > 0 and LE2 = 0 correspond
to chaotic firing behavior, LE1 = 0 and LE2 < 0 correspond to
periodic firing behavior, and LE1 < 0 and LE2 < 0 correspond
to a stable state. One can see that the dynamical behaviors
revealed by the single-parameter bifurcation diagram and LEs
are consistent.

I (mA)

L
E
s 

(1
0

3
)

v
C
 (

V
)

(RM, EM, RL, EL)=(1.5 kW, 0.5 V, 1.5 kW, 0.5 V)

LE1 

LE2
 

Fig. 4. Single-parameter bifurcation diagram (top) and Lyapunov expo-
nents (bottom) with respect to I.

LE1

LE2L
E
s 
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0
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)

Τ103

(b)
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 (
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)

E
M
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V
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E
M (V)
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500 1000 1500 2000 2500 3000-0.4
-0.2

0
0.2
0.4

V

(a)

Fig. 5. Dynamical distribution on the RM–EM parameter plane: (a) double-parameter bifurcation diagram; (b) double-parameter LE map in a 3D view.

Figure 5 displays the double-parameter bifurcation dia-
gram and the corresponding LE map on the RM–EM parame-
ter plane, where RM and EM vary within the ranges [1.2 kΩ,
3.2 kΩ] and [0 V, 0.65 V], respectively. By examining the peri-
odicity of vC, the dynamical behaviors in the double-parameter
bifurcation diagram are classified. Chaotic behavior (CH) is
indicated in dark yellow, multi-periodic behavior (MP) in light
yellow, unbounded behavior (P0) in gray, and periodic be-
haviors of period-1 to period-8 (P1–P8) in other colors, as
shown in Fig. 5(a). Figure 5(b) provides a three-dimensional
(3D) view of the first two LEs for better visualization of
the dynamical distribution. A color gradient is employed to
distinguish different dynamical regimes, where yellow-to-red

corresponds to positive LE and light-blue-to-dark-blue corre-
sponds to negative LE. Note that only the first two LEs are
shown in Fig. 5(b). The double-parameter LE plot exhibits
dynamical features that are consistent with those observed
in the double-parameter bifurcation diagram. Moreover, the
double-parameter bifurcation diagram displays a banded struc-
ture with transitions among P1–P2–P4–P8. This reflects the
emergence of forward and reverse period-doubling bifurca-
tion routes, which govern the abundant firing behaviors of the
bionic circuit.

Single-parameter bifurcation diagrams and LE plots of
RM and EM are simulated to reveal the bifurcation behaviors
of the bionic circuit, as shown in Fig. 6. The single-parameter
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bifurcation diagram in Fig. 6(a) shows that the firing behav-
ior of the bionic circuit begins with forward period-doubling
into chaos and eventually transitions into a P1 state via mul-
tiple forward period-doubling bifurcation routes and reverse
period-doubling as RM increases. During this process, several
transitions occur in the bionic circuit via tangent bifurcations
and chaos crisis scenarios. These dynamical behaviors and
their transitions are well validated by the LEs. Figure 6(b)
shows that as EM increases, the firing behavior evolves from
forward period-doubling to period-4, and subsequently returns
to a P1 state through reverse period-doubling. Note that the
single-parameter bifurcation structure with respect to EM ap-
pears relatively simple under typical parameter settings. The
double-parameter bifurcation diagram in Fig. 5(a) indicates
that single-parameter bifurcation diagrams can also exhibit
abundant dynamical behaviors for EM under other values of
RM.

Subsequently, we investigate the dynamical distribution
and bifurcation behavior associated with RL and EL. Figure 7
depicts the double-parameter bifurcation diagram and the cor-
responding double-parameter LE map on the RL–EL parame-

ter plane for 0.5 kΩ ≤ RL ≤ 3.5 kΩ and 0 V ≤ EL ≤ 1.0 V.
The colorbar settings are consistent with those used in Fig. 5.
One can see that RL and EL can trigger abundant dynamical
transitions, including the P1–P2–P4–P8–CH sequence within
certain local parameter regions, and vice versa. These dynam-
ical transitions reflect the emergence of forward and reverse
period-doubling bifurcation routes. Figure 7(b) further pro-
vides a 3D view of the first two LEs, which corroborates the
dynamical distribution and its associated transitions.

Figure 8 shows the single-parameter bifurcation diagrams
and the corresponding LE plots for RL and EL. As RL in-
creases from 0.5 kΩ to 3.5 kΩ, the bionic circuit evolves from
P1 into chaos via a crisis, then undergoes multiple reverse
period-doubling routes and chaos-crisis scenarios, and subse-
quently returns to P1. When EL increases from 0 V to 1.0 V,
the single-parameter bifurcation diagram exhibits dynamical
behavior opposite to that of RL; for example, the bionic cir-
cuit enters chaos through a forward period-doubling route and
transitions from chaos to periodic behavior via a tangent bifur-
cation. The corresponding LE plots validate these dynamical
transitions.
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Fig. 9. Time-domain waveforms of vC for different I: (a) CH spiking
activity for I = 0.40 mA; (b) period-4 spiking activity for I = 0.38 mA;
(c) period-2 spiking activity for I = 0.36 mA; (d) period-1 spiking activity
for I = 0.30 mA.

Some discrete values of I are selected to demonstrate the
firing behaviors in the bionic circuit, as shown in Fig. 9. Nu-
merical simulations of the time-domain waveforms for I =

0.30 mA, 0.36 mA, 0.38 mA, and 0.40 mA reveal that the P1,
P2, P4, and CH spiking activities correspond to the dynamical
behaviors shown in Fig. 4. These transitions of spiking ac-
tivity also reflect the emergence of a reverse period-doubling
bifurcation route. It should be emphasized that the objective
of this paper is not to replicate the spiking activity of specific
biological neurons; instead, it aims to reveal diverse neuronal
firing behaviors generated by the bionic circuit.

Numerical simulations of the meminductive and memris-
tive emulator-based bionic circuit demonstrate that the pro-
posed circuit is feasible for generating chaotic and periodic
spiking activities. In addition, the numerical simulations fur-
ther indicate that the DC current stimulus and the parame-

ters of the memristor and meminductor can strongly regulate
these spiking activities,[51] reflecting the interplay between ex-
ternal stimulus and the electrophysiological properties of ion
channels. Moreover, spiking activities with different periods
may provide a promising pathway for energy-efficient imple-
mentations of spike-based bionic hardware in spiking neural
networks.[52,53]

4. Hardware circuit and experiment

Referring to Figs. 1 and 3, the analog hardware circuit
is manually fabricated, as shown in the left panel of Fig. 10.
In the hardware implementation, the C-FOAs are AD844AN,
the operational amplifiers are AD711JN, and the analog mul-
tipliers are AD633JN, while the capacitors are monolithic.
Note that several additional chip resistors and potentiome-
ters are deployed in the hardware circuit. Resistors RM1–
RM12 are used to adjust the gains of multipliers M1–M6, where
RM1 = RM3 = RM5 = RM7 = RM9 = RM11 = 1 kΩ, and RM2 =

RM4 = RM6 = RM8 = RM10 = RM12 = 9 kΩ. In addition, op-
erational amplifier UE1 together with R051 and R151 is used to
adjust the Y2 input voltage of multiplier M4 to realize Eq. (1).
R051 is a potentiometer and R151 is a 15 kΩ chip resistor. The
bias voltage EM in the memristive function RM can be tuned
by adjusting the resistance of R051. Similarly, operational am-
plifier UE2 together with R052 and R152 is used to adjust the
bias voltage of multiplier M5 to realize Eq. (2). R052 is a po-
tentiometer and R152 is a 15 kΩ chip resistor. Adjusting R052

enables tuning of the bias voltage EL in the inverse memin-
ductive function L−1

M . Uext is a C-FOA (AD844AN) that con-
verts the external DC voltage Vext to an external DC current I
through I =Vext/Rext. Here, Rext is fixed to 10 kΩ, and Vext is
adjusted to obtain the desired DC current I. The analog hard-
ware circuit is powered by VEE =−15 V and VCC =+15 V.

Here, we assess the deviation of circuit parameters be-
tween hardware experiment and numerical simulation by the
mean absolute percentage error (MAPE),[54] which is defined
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as

MAPE =
1
N

N

∑
k=1

∣∣Pdesired,k −Pmeasured,k
∣∣

Pdesired,k
×100%, (4)

where Pdesired,k denotes the circuit parameters in numerical
simulation and Pmeasured,k denotes the corresponding param-
eters in the hardware experiment. N is the number of finely
adjusted circuit parameters.

Fig. 10. Analog hardware circuit (left) and experimental measurement setup (right).
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Fig. 11. Hardware-measured time-domain waveforms of vC for different
I: (a) CH spiking activity for I = 0.40 mA; (b) period-4 spiking activity
for I = 0.38 mA; (c) period-2 spiking activity for I = 0.36 mA; (d) period-
1 spiking activity for I = 0.30 mA.

The experimental measurement setup is illustrated in the
right panel of Fig. 10, which involves a power supply mod-
ule, a digital oscilloscope, and the analog hardware circuit.
The power supply module provides ±15 V DC voltage. Due
to non-ideal characteristics of discrete circuit components and
temperature variations, discrepancies inevitably exist between
the circuit parameters used in hardware experiments and those
used in numerical simulations. During the experimental mea-
surements, four circuit parameters, i.e., RM, EM, RL, and EL,
are finely adjusted to maintain the external DC current I as in
Fig. 9. Note that all other circuit parameters are kept identi-
cal to those used in numerical simulations. The experimen-

tally captured time-domain waveforms are post-processed us-
ing Adobe Photoshop to adjust color schemes and rescale the
figures for better visualization, as shown in Fig. 11. The green
marker on the left side of the figure indicates the zero-voltage
reference line of the digital oscilloscope. The circuit parame-
ters in hardware experiments and MAPEs for different spiking
activities are listed in Table 1. The MAPEs are all below 10%,
which is acceptable for analog circuit experiments.

Table 1. Circuit parameters in hardware experiments and MAPEs for
spiking activities.

Spiking Measured parameters (I,RM, EM, RL, EL) MAPE

CH spiking (0.40 mA, 1.551 kΩ, 0.559 V, 1.524 kΩ, 0.587 V) 8.6%
Period-4 spiking (0.38 mA, 1.553 kΩ, 0.537V, 1.561 kΩ, 0.485 V) 4.5%
Period-2 spiking (0.36 mA, 1.416 kΩ, 0.486 V, 1.520 kΩ, 0.586 V) 6.8%
Period-1 spiking (0.30 mA, 1.401 kΩ, 0.558 V, 1.447 kΩ, 0.549 V) 7.9%

5. Conclusion
This paper proposes a simple framework for a bionic cir-

cuit, which comprises only a capacitor, an S-type memristor,
a flux-controlled meminductor, and an external DC current
source. Numerical simulations and hardware experiments are
performed to verify the effectiveness of the proposed circuit in
generating abundant dynamical behaviors and spiking activi-
ties. These dynamical behaviors include forward and reverse
period-doubling bifurcation routes, chaotic-crisis scenarios,
and tangent bifurcations, which induce abundant chaotic and
periodic spiking activities. Note that the bionic circuit gener-
ates spiking activity primarily through the appearance of for-
ward and reverse period-doubling bifurcation routes. This is
different from the period-adding bifurcation route typically as-
sociated with bursting activity. These results confirm that the
memristor and meminductor are potential candidates for char-
acterizing ion channels and their internal electromagnetic in-
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duction in bionic circuit modeling. The proposed bionic cir-
cuit is applicable to spike-based neural networks[2] and low-
power brain-inspired chips.[25]

The proposed framework can be used to construct bionic
circuits for generating spiking activities in academic research.
However, mem-element emulator-based bionic circuits are
still limited in integration and exhibit relatively high energy
consumption. To address this issue, CMOS-based technology
and advanced physical mem-device implementations provide
feasible approaches for realizing the proposed framework. The
objective of this work is not to replicate the spiking activi-
ties of specific biological neurons, but to generate neuron-like
spiking behaviors from an application-oriented perspective.
This can improve energy efficiency and broaden spike-based
applications. In addition, the use of physical memory devices
can further simplify the hardware implementation of bionic
circuits. However, real memory devices inevitably introduce
non-ideal effects, such as threshold behavior, parasitic capac-
itances, and leakage flux, which may influence the dynamics
and spiking activities of the circuit. Under biologically realis-
tic conditions, noise perturbations may also significantly affect
the circuit dynamics. These issues warrant further investiga-
tion.
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