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SPECIAL TOPIC — Biophysical circuits: Modeling & applications in neuroscience
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The nonlinear memory characteristics of memristors resemble those of biological synapses and ion channels. There-
fore, memristors serve as ideal components for constructing artificial neurons. This paper presents a sound-sensitive neuron
circuit featuring a memristor-based hybrid ion channel, designed to simulate the dynamic response mechanisms of biolog-
ical auditory neurons to acoustic signals. In this neural circuit, a piezoelectric ceramic element captures external sound
signals, while the hybrid ion channel is formed by connecting a charge-controlled memristor in series with an inductor. The
circuit realizes selective encoding of sound frequency and amplitude and investigates the influence of external electric fields
on neuronal ion-channel dynamics. In the dynamic analysis, bifurcation diagrams and Lyapunov exponents are employed
to reveal the rich nonlinear behaviors, such as chaotic oscillations and periodic oscillations, exhibited by the circuit during
the acoustic—electric conversion process, and the validity of the circuit model is experimentally verified. Simulation results
show that by adjusting the threshold of the ratio between electric-field energy and magnetic-field energy, the firing modes
and parameters of neurons can be adaptively regulated. Moreover, the model exhibits stochastic resonance in noisy envi-
ronments. This research provides a theoretical foundation for the development of new bionic auditory sensing hardware

and opens a new path for the bio-inspired design of memristor—ion-channel hybrid systems.

Keywords: sound-sensitive neuron, hybrid memristor ion channel, Hamilton energy
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1. Introduction

With the rapid development of neuromorphic computing
and bionic electronics, the modeling and design of functional
The bio-
logical nervous system possesses efficient, parallel, and low-

neural circuits have received extensive attention.

power information processing capabilities. However, tradi-
tional computing systems based on the von Neumann archi-
tecture encounter bottlenecks in terms of energy efficiency
and real-time performance when handling complex percep-
tion tasks (such as sound recognition and visual processing).
Therefore, constructing electronic circuits that can simulate
the dynamic behaviors of biological neurons has become one
of the key research directions for achieving next-generation
brain-like intelligent hardware.

From a physical perspective, the basic components of
simple neural circuits mainly include capacitors, inductors, re-
sistors, and nonlinear resistors. The incorporation of func-
tional electronic elements into simple neuronal circuits en-
ables the implementation of dedicated neural processing func-
tions. For example, adding a phototube into a simple neural
circuit results in a light-sensitive neuron!!! capable of cap-
turing external light signals. A thermistor can be connected
to a simple neural circuit to construct a temperature-sensitive
neuron!?! for sensing external temperature. A piezoelectric

TCorresponding author. E-mail: yangfeifei@xust.edu.cn

CSTR: 32038.14.CPB.ae0563

ceramic element can be introduced into a simple neural cir-
cuit to design a speech neuron! for encoding external sound
signals. Additionally, the simultaneous integration of a pho-
totube and a thermistor into a simple neural circuit yields a
functional neural model that can sense both external tempera-

ture and light.[*>]

The nonlinear memory characteristics of memristors[6-]

resemble those of biological synapses and ion channels.!']

Therefore, memristors serve as ideal components for

constructing neurons. =13

(14—

For instance, magnetic-field-

161 electric-field-sensitive neurons,[!7]
18,19]

sensitive neurons,

electromagnetic-field-sensitive ~ neurons,| memris-

(2022 memristive  ion-channel

[26-28

tive membrane neurons,

[23-25 I have all

neurons, 1 and memristor neuron maps
been implemented based on memristor circuits. In addition,
many memristor-based neurons have been constructed by in-
troducing memristors into neuron models governed by dif-
ferential equations, such as memristive FitzHugh—-Nagumo
(FHN) neurons!?=3!l and memristive map neurons.[3>34 A
comprehensive survey of memristor-based neuronal mod-
eling can be found in the review.*>! Furthermore, numer-
ous functional neurons have been coupled to investigate

S [36-38] [39,40]

synchronization characteristic energy balance,

heterogeneity, [*!1 defects,*?! and pattern formation. 3431
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Auditory neurons possess characteristics such as fre-
quency selectivity and adaptive gain control. Achieving these
functions at the circuit level remains an open challenge. More-
over, existing studies have rarely explored the impact of syner-
gistic interactions between memristors and ion channels on the
dynamic behavior of neurons, which is crucial for construct-
ing functional neuronal circuits with greater biological fidelity.
This paper presents a functional neuronal circuit model based
on memristor hybrid ion channels, focusing on its dynamic
characteristics in sound-signal perception and encoding. This
circuit can simulate the frequency selectivity, adaptive firing
behavior, and noise robustness observed in biological audi-
tory neurons. We employ nonlinear dynamic analysis meth-
ods to investigate its working mechanisms. This research not
only provides new hardware design strategies for neuromor-
phic computing but also offers theoretical insights into the
perception—computation integration mechanisms of biological
neurons. The main contributions of this study are summarized
as follows.

(i) A sound-sensitive neuron circuit incorporating a
memristive-ion channel is presented based on a memristive
nonlinear circuit.

(ii) The encoding of sound frequency and amplitude, as
well as the effects of external electric fields on neuronal ion
channels, is investigated using the proposed sound-sensitive
neuron circuit.

(iii)) An adaptive growth method for a key parameter
based on the energy ratio is proposed.

In this paper, the model of the sound-sensitive neuron is
described in Section 2. In Section 3, the dynamic behavior of
the sound-sensitive neuron is analyzed. The conclusions and
perspectives are presented in Section 4.

2. Model of a sound-sensitive neuron

A functional neural circuit can be built by connecting a
functional electronic component to a typical neuron circuit.
An external sound signal can be converted into an electrical
signal through a piezoelectric ceramic element. Therefore, this
paper proposes a sound-sensitive neural circuit by applying a
piezoelectric ceramic element, a nonlinear resistor, a capacitor,
an inductor, a charge-controlled memristor, and a linear resis-
tor. Figure 1 shows the schematic diagram of the proposed
sound-sensitive neural circuit.

A hybrid memristor-based ion channel is implemented
by connecting a charge-controlled memristor in series with
an inductor. The charge-controlled memristor is selected as

follows:[13]

Vi = M (q) I = kmt (0t +3B¢°) I,
dg ey

2 —ag+ol
dt aq+ 5,

where (ky, a, b, a, B) denote the parameters related to the
memristor material, and (Vu, Im, g) represent the voltage, cur-
rent, and charge in the memristor. The fourth branch circuit in
Fig. 1 is described by

1 y3
N=—(V-—], 2
N p< 3V02> 2

where p denotes resistance, Vj is the reverse cut-off voltage,
and (In, V) represent the current and voltage in the nonlinear
resistor. For the piezoelectric ceramic, the deformation effect
caused by the external mechanical pressure F can be expressed
through the output voltage at both ends of the piezoelectric ce-
ramic. They are described as follows:

F dy

Vec = Vpc (F. — —h=Poh,
S €

W) =
& 0 3)
==,

o=—, do
£
where (Q, S, h, €) denote the charge released by the piezo-
electric ceramic, its cross-sectional area, its thickness, and the
dielectric constant of the medium, respectively. By applying

Kirchhoff’s laws, the circuit equations in Fig. 1 can be ex-

pressed as
dvV. Vpc -V
C—=———-IN—1]
dt Rs N L,
dp
L =V —ku(a+3pq’) I, “
dg
P bl..
T aq+ ol

Equation (4) represents a dimensional model of the dynam-
ics. For a more detailed analysis, the variables in Eq. (4) are
transformed into dimensionless form as follows:

Vv plL q t
= —, = —, = -, T=—. 5
* Vo Y Vo £ CVo pC )
In addition, the parameters in Eq. (4) are defined by
2
C
ad =apC, c= pT’ d= Rﬂs’
pVec o @ ﬁ/ CZVO2 ﬁ (6)
upc = ) = = .
VoRs p p

Therefore, Eq. (4) can be rewritten in dimensionless form as

dx 1

- 1— _ 43

97 upc+ (1—d)x 3x Y,
ﬂ—c[x—k (o +3B'22)y] )
dTﬁ M )Y,

dz ,

— =dz+by.

iz az+oy
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Fig. 1. A sound-sensitive neural circuit with a hybrid memristor—ion
channel. S, RN, L, Ry, PC, and C denote the sound signal source, the
nonlinear resistor, inductor, linear resistor, piezoelectric ceramic, and ca-
pacitor element, respectively. M(q) is a charge-controlled memristor.

[ | s

The field energy and the dimensionless Hamilton energy dis-
played in Fig. 1 are determined through the following calcula-

tions:
[N B
WZWC-i-WL-l-WM:ECV +§LIL+§qVM,
w
H= = Hc+HL + Hvm 3
cv?
1
2x —|—2 ¥+ ksz(Oc +3p/7%).

Equation (8) indicates that the energy of the neural circuit de-
pends on the circuit parameters and its output variables. Fur-
thermore, Helmholtz’s theorem is employed to validate the en-
ergy function of the neural circuit, and the verification process
is described as follows:

(1/3)x° —y
= | c[x—km (' +3B'2%)y]
a'z+by

X upc+ (1—d)x—
y
Z
( —y—0.5ckm (o'z+3B'2)

:Fc+Fd

cx —0.5cbyky (o +9B'2%)

by+0.5chky (o'z+3pB'2)
upc + (1 —d)x— (1/3)x> +0.5ckm (o'z+3B'2)

+ | cvkm [/ (0.56—1)+3B'z* (1.5b—1)]

d'z—0.5cbkm (a'z+3B'2%)

0—c O by

=|c 0 —cb (1/c)y+05kM((xz+3ﬁ’ ?)
0chb O 0.5yky (o +9B'2%)

0 0 ns33 05ykM o —&-9[5” 2)
1/3)x +056kM((xz+3ﬁ )

b

ni
+1| 0 nyp 0 ( 1/c) y+05kM(Ocz+3B SRR
upc+ (1 —d)x—(

ny =

cykm [a (0.5b—1) +3ﬁ’z2 (1.5—1)]
(1/c)y+0.5km ('z+3p'23)
d'z—0.5chky (a'z+3B'2%)
0.5vkm (0! +9B722)

npp =

n33 =

(€))

In fact, the energy expressions presented in Eq. (8) satisfy

dH
VHTFC(-x7y7Z):O7 VHTFd(xayvz):ia (10)

dt
[—y—0.5¢ck (a’z+3/3’z3)]a—H
Yy —U.oCkm ox
+ [ex —0.5chykm (o' +9B'2%) ] 981;1
l 1.3 JH
+ [by +0.5cbky ('z+3B'2) ] 52 =0 (11)

3. Results of numerical simulation

The nonlinear dynamical behaviors of the neuron model
described by Eq. (7) are investigated through numerical simu-
lations using MATLAB software. At first, the parameters are
setasad =—0.1,b=02,c=ky=0o' =0.1,d =0.25, and
B’ =0.01, and the initial value is chosen as (0.0, 0.0, 0.1). The
case of periodic external sound signals is examined, where upc
is defined as A cos(f7). Figure 2 presents the bifurcation dia-
gram of variable x and the largest Lyapunov exponent (LLE)
under different amplitudes (A) and angular frequencies (f).

Figure 2 demonstrates that varying the external sound sig-
nal induces distinct dynamical characteristics (periodic and
chaotic states) in the sound-sensitive neuron with hybrid
memristor—ion channels. Additionally, Fig. 3 shows the corre-
sponding firing patterns and energy evolution across different
angular frequencies.

(a) 3.0 (b) 3.0

=
= —0.05 —0.05

—0.10 —-0.10

— 1 1 1 . =
0'1%.4 0.6 0.8 1.0 1.2 0'1‘)1.0 1.1 1.2 1.3 14 1.5

Fig. 2. Bifurcation diagram of the variable x (Xpeax) and the LLE by ad-
justing the external sound signal. (a) and (c) f =1.23; (b) and (d) A =1.0.

(al) 3

(=2) fl (H)=1.636

T

1 1 1 1 1
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_3 1 1 1
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(b1) 3
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T

3
2
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0
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(b2) 3
2
1
0
5

- L L L L N L L L
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Fig. 3. The membrane potential (x) and the Hamilton energy (H) by ad-
justing f. (al) and (a2) A= 1.0, f = 1.0; (b1) and (b2) A = 1.0, f = 1.23.
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From Fig. 3, different firing patterns correspond to dis-  where E.y is an external electric field signal. The influence

tinct energy time series and exhibit different energy distribu-  of constant external electric field signals on the dynamical be-

tions. For example, a chaotic pattern is associated with alower ~ havior of the neuron is investigated. The same parameter set

average energy, whereas a periodic state maintains a higher  and initial conditions are preserved as in the preceding analy-
mean energy. Therefore, the energy proportions correspond- sis. Figure 6 presents the bifurcation diagram of variable x for
ing to different firing modes obtained by adjusting f are illus-  different sound signals under different intensities of constant
trated in Fig. 4.

(a) WM 42.98% H,; W 57.01% Ho (b)™®40.19% H; ® 59.80% H,, @ 3 ®) 3

external electric field signals.

1.1 1.2 1.3 14 15

M 0.01% Hy M 0.01% Hy, f
Fig. 4. The energy proportion under different f. (a) A = 1.0, f = 1.0;
(b)A=10, f=1.23.
Figure 4 shows the relationship between the electric field
energy and the magnetic field energy corresponding to differ-
ent firing modes. It can be seen that the magnetic field en- _3 . . \ 5 L
. Lo Lo 0.4 06 08 1.0 12 1.0 1.1 12 13 14 15
ergy proportion for periodic patterns is higher than that for A f
the chaotic mode, whereas the electric field energy proportion Fig. 6. Bifurcation diagram of the variable x for different constant exter-
for periodic patterns is lower than that for the chaotic mode. nal electric fields. (a) Eex; = 0.127, f = 1.23; (b) Eexy = 0.127, A = 1.0;
Meanwhile, the case of the external noise sound signal is plot- (©) et = 1.0, f = 1.23; (d) Eext = 1.0, A = 1.0.
ted in Fig. 5. From the comparison of Figs. 2 and 6, it can be seen
My - === = = = === that a larger amplitude or frequency of the external sound sig-

nal triggers the chaotic mode of neurons. In addition, under
a stronger external electric field interference, the amplitude
and frequency ranges of the chaotic mode of neurons become

larger. Similarly, the different firing patterns and energy evo-

—————————— - — Iution for different external electric fields and sound signals

are shown in Fig. 7.

| | | —
600 700 800 900 1000
1 1 1 1
iiiiiiiiiiiiiiiiiiiii 500 600 700 800 900 1000

(al) 3 5
4 (H) =1.962
3

8 0 5
1

-3 0 1 1 1 1
500 600 700 800 900 1000
T T

Fig. 5. The membrane potential (x) and the phase plane (x—y) under differ- (b2) 5
ent external noise sound signal strengths Dy. (a) Dy = 0.02; (b) Dy =0.5. 4 (H) =1.639
D represents the Gaussian white noise external sound signal strength. T 3
Figure 5 shows the firing modes under different external s ) ) ) ) é )
. . . 500 600 700 800 900 1000 500 600 700 800 900 1000
noise sound signal strengths. The firing pattern for a weak T T

external noise sound signal strength (Dg = 0.02) is periodic,
and with increasing Dy, it becomes quasi-periodic. In fact, a
charge-controlled memristor can capture an external electric

(c2) (H) = 1.491

3
= 2
1
0

3 1 1 | I | 1 1 |
500 600 700 800 900 1000 500 600 700 800 900 1000

field in the nonlinear circuit. Thus, the sound-sensitive neuron . r

incorporating a hybrid memristor—ion channel can be mathe-

matically represented as follows:

dx 1

== _ 1— B
iz upc + (1 —d)x 3x Y,
d

X fe—kw (0 +3B'2)y],
dt

dz

e =d'z+ by + Eex,

(d1) 3 (d2)

4
3
1
0

_3 I 1 1 1
500 600 700 800 900 1000 500 600 700 800 900 1000
T T

(H) =1.247

(12) Fig. 7. The membrane potential (x) and the Hamilton energy (H) un-
der different external electric fields and sound signals. (al) and (a2)
Eext = 0.127, A = 0.6, f = 1.23; (bl) and (b2) Eext = 1.0, A = 0.6,
f=1.23; (cl) and (c2) Eexe = 0.127, A= 1.0, f = 1.4; (d1) and (d2)
Eei =1.0,A=1.0,f=14.
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The results illustrate that different discharge modes cor-
respond to different energy sequences. The chaotic mode
demonstrates a reduced average energy relative to periodic pat-
terns. The relationship between the electric field energy and
the magnetic field energy for different external electric fields
and sound signals is shown in Fig. 8.

(a) ®59.05% H, ™40.91% H. (b) mm54.75% H, Wm43.92% H

B 0.04% Hy, B 1.32% Hy

(c) mm50.63% H, MM49.34% H, (d) mm46.61% H, WE52.42% H

N 0.03% Hy, N 0.97% Hy

Fig. 8. The energy proportion under different external electric fields and
sound signals. (a) Eexy = 0.127,A = 0.6, f = 1.23; (b) Ecx = 1.0,A = 0.6,
f=123;(c) Eexy =0.127, A= 1.0, f = 1.4; (d) Eexy = 1.0, A= 1.0,
f=14.

From Figs. 7 and 8, these results demonstrate that differ-
ent firing patterns have different electric-magnetic field energy
proportions. The chaotic mode indicates a reduced magnetic
field energy proportion relative to periodic patterns. Further-
more, the case of periodic external electric fields is discussed,
with Eex considered as Aj cos(f17). The external sound sig-
nalis upc =Acos(f7), where A= 1.0 and f = 1.245. Figure 9
displays a bifurcation diagram of the variable x and LLE under
different periodic external electric fields.

(b) 0.05
=
)
i
— I I
30 0.5 1.0 1.5 _0'0% 0.5 1.0 1.5
fi
© (d) 0.05
El 3]
g a
8 =
-3 1 Il —0.05 1 |
0 0.5 1.0 1.5 o 0.5 1.0 1.5
it it

Fig. 9. Bifurcation diagram of the variable x and the LLE for different pe-
riodic external electric fields. (a) and (b) A; =0.5; (c) and (d) A; = 1.0.

From Fig. 9, as the frequency of the periodic external
electric field increases, the neural network in the chaotic mode

evolves into a periodic mode, and the chaotic state is sup-
pressed. As the amplitude of the periodic external electric
field increases, the frequency range of the chaotic mode exhib-
ited by the neurons becomes larger than that in the case where
the amplitude of the periodic external electric field is smaller.
Similarly, Fig. 10 illustrates the distinct firing patterns and cor-
responding energy evolution under different periodic external
electric fields.

The results indicate that different firing patterns corre-
spond to different energy sequences, with the chaotic mode
having a smaller average energy and the periodic pattern hav-
ing a larger average energy. Corresponding to Fig. 10, the
energy proportion is displayed in Fig. 11.

(al) 3 (a2) 4
3
& 0 T 2
1
-3 1 1 1 1 0 1 I I !
500 600 700 800 900 1000 500 600 700 800 900 1000
T T

(b1) 3

80

1 1 1 1 1 1 1 1
500 600 700 800 900 1000 800 600 700 800 900 1000
T T

(b2) 3 (c2) 4
3 (H)=1.194
8 0 A 1 H T 2
1
—3 Il Il Il Il 0 L Il
500 600 700 800 900 1000 500 600 700 800 900 1000

T T

Fig. 10. The membrane potential (x) and the Hamilton energy (H) under
different periodic external electric fields. (al) and (a2) A} =0.5, f; =0.5
(bl) and (b2) A} = 1.0, f; =0.5; (cl) and (c2) A; = 1.0, f; =0.89.

BN 43.13% H, Bl 56.86% HC U 74% H, Wl 57.23% H

m0.01% Hy, B 0.02% Hy

(c) Wm43.13% H, W 56.86% H

m0.01% Hy,

Fig. 11. The energy proportion under different periodic external elec-
tric fields. (a) A; = 0.5, fi =0.5; (b) A; = 1.0, f; =0.5; (c) A = 1.0,
f1=0.89.

The results in Fig. 11 show that the periodic pattern has
a lower electric field energy proportion and a higher magnetic
field energy proportion than that of the chaotic mode. Further-
more, the case of noisy external electric fields is discussed.
Parameters and initial values are kept as above, the periodic

120502-5



Chin. Phys. B 34, 120502 (2025)

external sound signal is upc = cos(1.2457), and the sound-
sensitive neuron is in a chaotic pattern. To study noise-induced
stochastic resonance in neurons driven by periodic sound sig-
nals and random electric fields, the signal-to-noise ratio (SNR)
and average energy ((H)) under different Gaussian white noise
electric fields are calculated in Fig. 12.

5.62 1.184
(a) (b)
5.60 Lissk
e 5.58F Y
Z T 1.182f
N 5561 ~
5.54 1.181f
5.52 1 1180b— v .y
4.45 4.50 4.55 4.45 4.50 4.55
D D

Fig. 12. SNR and (H) under different Gaussian white noise electric fields.
(a) SNR; (b) (H). D represents the Gaussian white noise electric field in-
tensity.
The results illustrate that sound-sensitive neurons with
a hybrid memristor ion channel exhibit the phenomenon of
stochastic resonance under a Gaussian white noise electric
field intensity (D = 4.49). The SNR reaches 5.6029, and the
average energy reaches 1.1837. Furthermore, to explore the
self-regulation characteristics of sound-sensitive neurons with

a hybrid memristor—ion channel, the proposed adaptive con-
trol mechanism dynamically regulates system energy through
real-time monitoring of the electric-to-magnetic field energy
ratio (Hc /Hy ). The method is described as follows:

dkym _ Hc
dz = Kkm O (8 H ),
0(n)=1, n>0, 6(n)=0, n<O, (13)

where ky; is a controllable parameter, k denotes a gain fac-
tor, € is the threshold of the energy ratio, and 6 denotes the
Heaviside function. Parameters and initial values are kept as
above, the periodic external sound signal is upc = cos(1.237),
the sound-sensitive neuron is in a chaotic pattern, the initial
value of ky is 0.1, and € is 0.3. The results are shown in
Fig. 13.

From Fig. 13, under the adaptive regulation of energy ra-
tios, the parameters can reach a stable value, and the chaotic
neurons can self-regulate into a periodic pattern. Furthermore,
as the gain coefficient increases, the parameters can reach the
stable value more rapidly, and the chaotic mode can quickly
adjust to the periodic state.

i
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: = ' !
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Fig. 13. The self-regulation parameter (ky;), membrane potential (x), and Hamilton energy (H) under different gain values k. (a) k¥ = 0.05; (b) ¥ = 0.06.

4. Conclusion and perspectives

This study develops a sound-sensitive neural circuit fea-
turing a hybrid ion channel that combines the nonlinear mem-
ory properties of memristors with the dynamic characteristics
of biological ion channels, followed by a systematic analysis
of its dynamical behaviors. The results illustrate that the pro-
posed hybrid memristor—ion channel circuit successfully sim-
ulates the frequency-selective response and adaptive emission
characteristics of biological neurons to sound signals. Sound-

sensitive neurons with a hybrid memristor—ion channel ex-
hibit the phenomenon of stochastic resonance under a Gaus-
sian white noise electric field intensity. In addition, under the
adaptive regulation of energy ratios, the parameters can reach
a stable value, and the chaotic neurons can self-regulate into
a periodic pattern. The hardware circuit implementation of
this model is a limitation of this study; however, the model
provides new design ideas for neuromorphic engineering, es-

pecially in the fields of bionic auditory sensors and edge com-
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puting. In the future, the individual neural circuit will be ex-

panded into a network, and its ability to synchronize and sep-

arate patterns in complex sound fields (such as noisy environ-

ments) will be studied.
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