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SPECIAL TOPIC — Biophysical circuits: Modeling & applications in neuroscience

Energy adaptive regulation of a multifunctional neuron circuit

Xi-Kui Hu(#14%52%)", Juan Yang(#45), and Ping Zhou(/&F)

School of Electronic Science and Engineering, Chongqing University of Posts and Telecommunications, Chongqing 400065, China
(Received 19 August 2025; revised manuscript received 1 October 2025; accepted manuscript online 17 October 2025)

This study constructs a dual-capacitor neuron circuit (connected via a memristor) integrated with a phototube and a
thermistor to simulate the ability of biological neurons to simultaneously perceive light and thermal stimuli. The circuit
model converts photothermal signals into electrical signals, and its dynamic behavior is described using dimensionless
equations derived from Kirchhoft’s laws. Based on Helmholtz’s theorem, a pseudo-Hamiltonian energy function is intro-
duced to characterize the system’s energy metabolism. Furthermore, an adaptive control function is proposed to elucidate
temperature-dependent firing mechanisms, in which temperature dynamics are regulated by pseudo-Hamiltonian energy.
Numerical simulations using the fourth-order Runge—Kutta method, combined with bifurcation diagrams, Lyapunov expo-
nent spectra, and phase portraits, reveal that parameters such as capacitance ratio, phototube voltage amplitude/frequency,
temperature, and thermistor reference resistance significantly modulate neuronal firing patterns, inducing transitions be-
tween periodic and chaotic states. Periodic states typically exhibit higher average pseudo-Hamiltonian energy than chaotic
states. Two-parameter analysis demonstrates that phototube voltage amplitude and temperature jointly govern firing modes,
with chaotic behavior emerging within specific parameter ranges. Adaptive control studies show that gain/attenuation
factors, energy thresholds, ceiling temperatures, and initial temperatures regulate the timing and magnitude of system
temperature saturation. During both heating and cooling phases, temperature dynamics are tightly coupled with pseudo-
Hamiltonian energy and neuronal firing activity. These findings validate the circuit’s ability to simulate photothermal
perception and adaptive temperature regulation, contributing to a deeper understanding of neuronal encoding mechanisms
and multimodal sensory processing.

Keywords: photothermal sensing neuron, pseudo-Hamiltonian energy, chaotic firing, adaptive temperature

control, bifurcation analysis
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1. Introduction

The brain is a complex neural network, with neurons serv-
ing as the fundamental units for information processing.!! Bi-
ological neurons possess a physiological foundation for mul-
timodal perception. Neurons, as the core functional units of
the nervous system, maintain multiple functions because their
structural specialization and the demands of neural system op-
eration force them to integrate diverse roles. The biological
nervous system can efficiently integrate various sensory in-
formation, such as light, heat, and touch, to achieve com-
plex environmental perception and decision-making.?! With
the rapid development of neuroscience and artificial intelli-
gence, simulating the multimodal perception ability of biolog-
ical neurons has become a research highlight.’’1 Among them,
neuron models that simultaneously perceive photothermal ef-
fects have received widespread attention due to their exten-
sive potential applications in biomimetic perception, intelli-
gent sensors, and neuromorphic computing.'* Photothermal
sensing refers to the ability of neurons to respond simulta-
neously to both light and heat signals and convert these two
physical stimuli into electrical signals for processing. This
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ability is widely present in nature. For instance, the infrared
sensing system of snakes can simultaneously detect changes
in light and environmental temperature, enabling precise po-
sitioning and predation in complex environments.>! Certain
proteins in organisms can control cells to simultaneously ex-
hibit photothermal effects. For instance, opsin 5 in neurons
of the mouse preoptic area is sensitive to visible violet light,
which regulates thermogenesis in brown adipose tissue.®! In-
spired by this, researchers have begun to explore how to simu-
late this multimodal perception ability through artificial neural
models and apply it to fields such as robot perception,!”! en-
vironmental monitoring,'3! and efficient computing.! For ex-
ample, photothermal modulation is a remote and non-genetic
approach with high spatiotemporal resolution for controlling
neural activity, which provides crucial insights for guiding the
establishment of light conditions and protocols in the clinical
translation of photothermal modulation. %]

By studying neuronal circuits, we can comprehensively
understand how the brain accomplishes intricate functions
such as perception, cognition, and memory. With the ad-
vancement of electronic technology, researchers have begun

© 2026 Chinese Physical Society and IOP Publishing Ltd. All rights, including for text and data mining, Al training, and similar technologies, are reserved.

http://iopscience.iop.org/cpb http://cpb.iphy.ac.cn

010503-1


https://doi.org/10.1088/1674-1056/ae1451
https://cstr.cn/32038.14.CPB.ae1451
mailto:huxk@cqupt.edu.cn
http://iopscience.iop.org/cpb
http://cpb.iphy.ac.cn

Chin. Phys. B 35, 010503 (2026)

to utilize electronic components to construct simple neural cir-
cuit models, aiming to simulate the fundamental functions of
neurons.!!!l Traditional neural models mainly focus on the
transmission of electrical signals while ignoring the multi-
modal perception ability of neurons toward external environ-
mental factors such as light, heat, and pressure. In recent
years, with the development of sensor technology and neu-
romorphic computing, researchers have started to embed vari-
ous sensors in neural circuits to simulate the multimodal sens-
ing functions of biological neurons.!!>~1®! Embedding photo-
tubes into neural circuits allows neurons to respond to external
light signals, which has important applications in the study of
light-controlled neural circuits and optogenetics.!!'3] Embed-
ding thermistors into neural circuits can simulate the response
of biological neurons to temperature and facilitate the study of
temperature effects on neuronal firing patterns.!'*! Embedding
gas sensors into neural circuits can simulate the perception
ability of biological neurons toward odor signals, providing
a new tool for studying olfactory perception.!'>! Embedding
piezoelectric ceramics into neural circuits enables the capture
of external acoustic signals and further establishes a binau-
ral auditory system via parallel circuit coupling composed of
Josephson junctions and linear resistors.['®] These types of
neurons with biophysical functions can not only perceive and
process various physical signals but also provide new possibil-
ities for developing more intelligent perception and computing
systems. However, to achieve multimodal perception capabil-
ities closer to those of biological neurons, it is necessary to
develop a neuron circuit that can simultaneously process mul-
tiple perception signals, such as one that can perceive both
light and heat. The construction of a multifunctional neuron
model aims to simulate the integrated perception mechanisms
of biological neurons, thereby enhancing the environmental
adaptability of artificial neural networks.

On the other hand, the cell membrane plays a crucial
role in the process of information transmission. Traditional
neuronal models typically simplify the cell membrane into a
single capacitor. However, the cell membrane of biological
neurons is an elastic structure composed of lipid bilayers.!”!
There are differences in electrical properties between the in-
ner and outer layers of the cell membrane. Therefore, tra-
ditional single-capacitance models cannot fully reflect the
double-layer structure and complex physical properties of the
cell membrane. In recent years, researchers have proposed
dual-capacitor neuron membrane models, which simulate the
inner and outer bilayer structure of the cell membrane by intro-
ducing two capacitors. The two-capacitor structure can more
realistically represent the double-layer structure of cell mem-
branes and more accurately describe the electrophysiological
behavior of neurons. This model not only better explains the
firing patterns of neurons but also provides a new theoreti-

cal framework for studying the energy regulation and multi-
modal perception of neurons. Numerous studies have demon-
strated that both linear and nonlinear electronic components
can be utilized to connect two capacitors to investigate neu-
ral activity induced by cell membrane deformation and modal
transitions, such as Josephson junctions, linear resistors, non-
linear resistors, and memristors. [18-21]1 Memristors, as a novel
type of electronic component, exhibit variable resistance char-
acteristics that resemble the synaptic behavior of biological
neurons.[*?! Researchers have begun to apply memristors in
the construction of neuronal circuits, enabling the storage and

[23-251 By incorporating one or

processing of neural signals.
two memristors into the branches of a nonlinear circuit, it is
possible to modulate the channel current between capacitive
and inductive elements, thereby altering the energy distribu-

(26281 Consequently,

tion among these electronic components.
the integration of memristors within functional neuronal cir-
cuits can effectively regulate the energy ratio between the in-
ner and outer membranes, thereby enhancing the model’s abil-
ity to describe the dynamics of membrane potential and energy
metabolism.

In this paper, a phototube and a thermistor are integrated
into a dual-capacitor neuron circuit connected by a memristor
to construct a neuron circuit that can simultaneously sense ex-
ternal light stimulation and system temperature changes. Pho-
totubes can capture external light and simulate light signals
to stimulate neural pathways. The resistance value of a ther-
mistor changes with temperature, which can be used to detect
temperature variations. Therefore, by embedding the photo-
tube and thermistor in the corresponding branches, the neu-
ron circuit can simultaneously sense photothermal signals and
convert them into electrical signals for processing. The circuit
model can simulate the ability of biological neurons to per-
ceive light and heat simultaneously, improve perception accu-
racy and the intelligence level of the system, and has broad
application prospects in fields such as bionic sensors, medi-
cal equipment, environmental monitoring, smart homes, and
artificial intelligence.

In addition, the temperature and energy metabolism of
neurons are closely related. Temperature changes affect neu-
ronal function, thereby altering energy demand and produc-
tion. In actual neuronal systems, neurons consume energy to
generate and transmit action potentials for information cod-
ing, transmission, and processing.[?6-28 The utilization and
consumption of energy directly affect the information process-
ing capability of neurons. Therefore, changes in system en-
ergy influence intrinsic neuronal parameters (such as temper-
ature), thereby establishing appropriate neuron firing patterns.
Specifically, the activity and channel currents of sodium and
potassium ion channels vary with temperature, resulting in dif-
ferent firing patterns and changes in neuronal excitability un-
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der different thermal conditions. Consequently, adaptive reg-
ulation of neuron temperature based on energy variation in a
photothermal sensing neuron circuit is worthy of further study.

2. Model and scheme

The schematic diagram of a dual-capacitor neuron circuit
with photothermal sensing is shown in Fig. 1. The cellular
membrane exhibits a bilayer structure, and its physical field
characteristics can be described in terms of two capacitors,
marked as C; and C,, respectively. Memristors are employed
in the circuit to connect the two capacitors. The phototube
functions as a voltage source. The thermistor is used to re-
place the linear resistor to sense thermal effects. An induction
coil generates a time-varying current within the branch, and a
nonlinear resistor is utilized to capture the nonlinear relation-
ship between voltage and current. The photodiode is activated
when exposed to external light, generating a sustained pho-
tovoltage that stimulates the neural circuit. Simultaneously,
changes in external temperature modulate the thermistor’s re-
sistance. Due to the characteristics of the thermistor, an in-
crease in temperature enhances the activity of internal charge
carriers, leading to a reduction in resistance. Conversely, a
decrease in temperature restricts carrier activity, thereby in-
creasing resistance. This dynamic variation in resistance fur-
ther influences the current within the circuit, triggering a time-
varying channel current, which causes the circuit’s current
state to continuously change with temperature and provides
a crucial response mechanism for the dynamic regulation of
the entire circuit system.

LN ’
—
IIS Iy ILl INRl
Ry - + L
Co——V, Ci——v; NR
n _ -
Ve Ry

Fig. 1. Schematic diagram of the dual-capacitor neuron circuit with pho-
tothermal sensing. Vp denotes a phototube, Rg represents a linear resistor,
C) and C, are capacitors, M signifies a memristor, L is an inductor, Rt
indicates a thermistor, and NR is a nonlinear resistor.

According to Kirchhoff’s laws, the relationships between
the physical variables of the neuron circuit shown in Fig. 1 are
presented as

dvi
Ci—+ =hi—h —1I

]dl M L NR;

v, Vo— V>
Ot == ——"—] 1
2q, =5~ Rs M> ey
Ly R

dt — Vi TIL-

The current of the magnetically controlled memristor connect-
ing the two capacitors is denoted by Iy and is defined as
follows: 2]

M =MeVy=(A+ 3B(P2)(V2 -Wi),
B:VM:(VZ*‘/]). @
dr
The variable @ represents the magnetic flux, and Mg = (A +
3B®?) denotes the conductivity of the memristor. The physi-
cal parameters A and B are related to the material properties of
the memristor.
The current in the nonlinear resistor is denoted by Iyr and

has the following functional relationship: [>°!
1 1V}
INR:—E (V1_3V(1)2) ; 3

where p is the normalized resistance parameter, and Vj rep-
resents the cut-off voltage. When the voltage V) reaches the
cut-off voltage, the current INgr is cut off or significantly re-
duced.

The phototube receives external light signals and gener-
ates a time-varying current, which can be regarded as a time-
varying voltage or current source in the neuron circuit.3% As
shown in Fig. 1, the activated phototube is modeled as a time-
varying voltage source. The photocurrent emitted by the pho-
totube is controlled by external illumination. Accordingly,
the output voltage Vp of the phototube in this functional neu-
ron circuit can be adjusted by external light and is defined as
follows: 301

W =Uycos @'t 4

The amplitude Uy and angular frequency @’ can be adjusted
by the external illumination intensity and the coating on the
cathode material of the phototube. The cosine function is used
to simulate the output voltage of a photoelectric cell when it is
excited by periodic light signals (e.g., from a flickering light
source), and its amplitude is adjustable.

An increase in temperature usually leads to an increase in
the maximum conductivity of neuronal ion channels and faster
activation and deactivation rates.!3!) Therefore, a thermistor
with a negative temperature coefficient is selected in the neu-
ron circuit shown in Fig. 1, and its functional relationship is
defined as!*?!

1 1
Rt = Rpexp <Tc (T’_TO/)> ) (5)

where Rt is the resistance of the thermistor at the operating
temperature T’, Ry is the resistance of the thermistor at the
reference temperature 7;j, and Tc is the temperature constant
related to the physical properties of the thermistor material.
When the reference temperature of the thermistor 7 is much
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higher than the operating temperature 7', Eq. (5) can be sim-
plified as

T
RT:&WW(;). ©)

Through standard scaling transformations, the physical vari-
ables and parameters in the previous equations are rendered
dimensionless. These physical variables and parameters are
substituted as

Vi Vs pl b
xiivyziazziaqb: )
Vo Vo Vo pPC1Vo
t
T= oC) ® =pC10,a=pA,b=p3CIV¢B,
1
Gy p PG ?
G’ R’ L’
%3 Uy Rr Ro T'
up ;s U0 = ) 7)"‘0:777‘:7
Vo Vo p p T

The dynamic behavior of the physical variables of the neuron
circuit shown in Fig. 1 can be studied using the following di-

—(a+3b¢?) +1-x*

a+3b¢? —1

mensionless system:

dx 2 (v x) oty L3
dT—(a+3b¢)(y X)—z+x 35

d

T =cnle—y)—(a+309?) -],

dz_l ®
i (x—rz),

do

E*y*xy

where up is the dimensionless output voltage of the phototube,
and r is the dimensionless resistance of the thermistor. Their
functional relationships are given by

©))

{ up = Uy Sin T,
1
r=roexp ().

The nonlinear dynamics of Eq. (8) can be analyzed using bi-
furcation diagrams and the Lyapunov exponent (LE) spectrum.
In general, Lyapunov exponents can be calculated using the
QR decomposition method, [33] and the Jacobian matrix of the
system is given by

6b¢ (y —x)

c(a+3b¢? —cn—(a+3b9?) 0 —6bc —X
g ( ¢%) n—( ¢?) ¢ (y—x) (10)
l 0 —Ir 0
-1 1 0 0
. . L . | 1.3
The physical properties of neuron circuits can be effectively X—3X
characterized using the pseudo-Hamiltonian energy function L1 (up—y )3
H (x,y,z,¢). The total energy Wg of the physical field of the [(ad +b¢° —rz) 3
A . : M —(1+c) (ap +0¢°)
neuron circuit is associated with the capacitor, inductor, and
memristor elements. Accordingly, the pseudo-Hamiltonian 0011 Anp 000
energy of the system is expressed as[** = 000 —c + 0 4» 0 0
gy y p = 1 00 0 0 0 A3 0
—1c¢ 0 O 0 0 0 A
We = 1CV2+1CV2+ LLR + L Lui?, ¢ a
(11) H,
= G = 104 5+ 52+ (a0 +60°) (). 0
a | (12)
4
According to Helmholtz’s theorem, the physical field energy Hy

of this neuron circuit can be expressed in the vector form

shown in Eq. (11). Solving this equation yields the pseudo-

Hamiltonian energy function of the system/[>!

X (a+3b¢?) (y—x)—z—|—x—%x3
| _ | e[n(up—y)—(a+3b9%) (y—x)]
4 I(x—r7)
¢ y—x

= fetfa

(a+3b¢*) (y—x)—z
—c(a+3b9?) (y—x)
I(x—a¢ —b¢?)
y—x+(1+c¢) (ap +be®)

where the parameters in the symmetric matrix are defined as

_ x—%x3
~ x— (a9 +b93)’
_ 1 (up —y)

y+c(ap +b¢3)’
_ (a9 +b¢° —rz)

Z b

~ —(1+c)(ap +bo?)
— (a+3b92)(y—x)

Per Helmholtz’s theorem, VH is the gradient vector of the

Ay

A
(13)
As3
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pseudo-Hamiltonian energy function H (x,y,z,¢), defined as

OH
Ox x— (ag +b9°)
VH Z> %I;I gi( ool (14)
H, oH < '
H¢ TZ )
oH (a+3b9*)(y—x)
¢

Furthermore, the pseudo-Hamiltonian energy function satis-
fies the following conditions

VA, = [(a+360) () 2] T

—c (a + 3bq)2) (y—x) a;;

+1 (x—a¢ —b¢?) %—IZ

oH
Fy—xt(+e) (a0 +50%)] 55 (9
=0, (16)

13\ 0H OH

VH'fy = (X—3X3) E"‘Cn (”P_Y)Ty

+1 (ad +b¢* —rz) %—Iz

0H dH

—(1+c)(a(])+bq)3)%zﬂ. (17)

It is evident that the pseudo-Hamiltonian energy function
derived from Eq. (14) is equivalent to that obtained from
Eq. (11). Given the energy characteristics of neurons, mode
selection within the system depends on energy levels; thus,
fluctuations in energy values can trigger mode transitions.

Organisms maintain body temperature stability through
the dynamic balance of energy metabolism, a core mechanism
by which life adapts to the environment. %37 There is a bidi-
rectional feedback mechanism between energy metabolism
and temperature regulation. On one hand, organisms supply
energy for body movements via cellular energy metabolism
while generating heat to regulate body temperature. On the
other hand, temperature changes affect the rate of energy
metabolism by influencing bodily activity. Additionally, the
body can regulate temperature through peripheral vasodila-
tion, sweat evaporation, and accelerated breathing. With con-
tinuous energy regulation and injection, heat accumulates over
time, leading to a gradual rise in temperature.

Consistent with the fundamental principles of thermo-
dynamics, temperature is a physical quantity that character-
izes the intensity of particle thermal motion. Thus, when the
pseudo-Hamiltonian energy of the nervous system increases
— resulting in elevated metabolic heat production — the

temperature of the nervous system changes correspondingly.
Some relevant parameters can be approximately expressed as

an adaptive control function!3®!
dT
d—TzclT-@(H—Ho)—02~®(T—Tm), (18)

where o7 is the gain factor governing the rate of temperature
rise, and o, is the attenuation factor controlling the cooling
rate. The gain factor o7 is analogous to the metabolic heat pro-
duction rate in biological organisms (e.g., regulated by thyroid
hormones), while the attenuation factor 6, corresponds to heat
dissipation mechanisms (such as sweat gland evaporation and
vasodilation). ® (H —Hy) and O (T —Ty,) are step functions
whose values satisfy the expression below: (38

@(P)_{I,PEO,

1
0, P <0, (19)

The step function, as a simplified model, can effectively re-
veal the energy—temperature coupling mechanism. Further-
more, smoothing functions — such as the Sigmoid function
— enable a more accurate approximation of the continuity in-
herent in biological thermoregulation processes. However, in-
corporating these functions will significantly increase system
complexity, and this aspect will be explored in depth in future
research.

In other words, the system has an energy threshold H
which is equivalent to the basal metabolic rate. When the
system’s pseudo-Hamiltonian energy is below this threshold,
the heat generated by energy metabolism equals the heat dis-
sipated by the system; the system is in thermal equilibrium,
When the pseudo-
Hamiltonian energy exceeds this threshold, the heat generated

and its temperature remains constant.

by energy metabolism exceeds the dissipated heat, causing the
total heat of the system to increase and the temperature to rise
from the initial temperature 7 over time.

Furthermore, most organisms — particularly homeother-
mic animals — have an upper temperature limit 7}, which
represents the body temperature set point. Once the system
temperature reaches this limit, it no longer rises. Thus, the
gain factor o7 and attenuation factor o, in Eq. (18) should
satisfy 02 > 017Ty. Introducing an adaptive control function
in which temperature varies with pseudo-Hamiltonian energy
can enhance the dynamic responsiveness of neurons to en-
ergy changes, thereby clarifying how neurons adjust their fir-
ing behavior over time to cope with the impact of temperature
changes on systemic energy metabolism.

3. Numerical results and discussion

This section examines the diverse firing patterns of the
neuron model described in Eq. (8), which are obtained by
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modulating external stimuli or system parameters. Numeri-
cal solutions of the model are computed using the fourth-order
Runge—Kutta method. A straightforward periodic excitation
of the form up = ugcos (@) is employed to stimulate the neu-
ron circuit system. The benchmark parameters are @ = 0.4,
a=0.05,0=0.05c=15n1=02,1=02,u0=5,r0=0.8,

1.0

and T = 5, with initial values (0.2,0.1,0.02,0.01). For the
simulations conducted in this study, a time step of AT =0.01 is
adopted, and the final simulation duration is set to 7; = 1000.
To ensure clarity in result presentation, only the data corre-
sponding to the first 400 time units are displayed in the time
evolution figures.

=2 -1 0 1
T

Fig. 2. Phase portraits of the neuron circuit system in different phase-space planes. Parameters used are @ = 0.47, a = 0.05, b = 0.05, c = 1.5,

n=021=02u=5r=08,and T =5.

()

Fig. 3. Dynamics of the neuron circuit under varying capacitance ratios of the two capacitors. (a) Bifurcation diagram; (b) three largest Lyapunov

exponents, with the full set shown in the inset.

Fig. 4. Evolution of the neuron circuit in the x—y phase plane, along with the variable y and pseudo-Hamiltonian energy H, for different

capacitance ratios: (a) ¢ = 1.5; (b) ¢ = 2.5; (¢c) c =3.5.
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Phase diagrams depict the temporal dynamics of a system
by plotting trajectories in a phase space defined by its state
variables. The curves in Fig. 2 represent system trajectories
projected onto different pairs of state variables. Each subplot
displays trajectories in a plane spanned by two state variables,
thereby reflecting the system’s dynamic behavior in the corre-
sponding dimensions. Among them, the trajectories in the x—y
plane phase diagram are characterized by pronounced curve
entanglement, which effectively reveals intricate dynamical
behaviors (e.g., chaos). Therefore, the x—y plane phase dia-
gram is adopted for subsequent analysis.

In bilayer membrane neurons, variations in the capaci-
tance ratio ¢ can induce memory neurons to exhibit periodic
and chaotic firing patterns (Fig. 3). For clarity, the Lyapunov

exponent spectra present only the temporal evolution of the
three largest exponents, while the complete set of exponents is
shown in the inset.

Careful adjustment of the capacitance ratio ¢ can further
trigger significant pattern transitions (Fig. 4). When ¢ = 1.5
and ¢ = 2.5, the attractor trajectories exhibit complex, ape-
riodic behavior indicative of strong chaotic dynamics, with
high-frequency membrane potential oscillations that lack a
fixed period, consistent with chaotic attractors. In contrast, at
¢ =13.5, the attractor collapses onto a regular closed curve, cor-
responding to a periodic state. In this regime, the capacitance
ratio stabilizes the effective time constant associated with the
membrane capacitance, resulting in periodic neuronal firing,
which may support specific rhythmic neural activities.

0.2
(b)

OF 1
—-0.2} ]
R S e —

N SIS | iy "SR
0.6 % .5 10, ! !
o 2 4 6 8 10

Fig. 5. Dynamics of the neuron circuit under different phototube output voltage amplitudes. (a) Bifurcation diagram; (b) three largest Lyapunov

exponent spectra, with the complete set shown in the inset.
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Fig. 7. Dynamics analysis under different phototube output voltage frequencies. (a) Bifurcation diagram; (b) three Lyapunov exponent spectra,

with the complete set provided in the inset.

010503-7



Chin. Phys. B 35, 010503 (2026)

Biological neurons respond nonlinearly to variations in
external stimulus intensity. As shown in Fig. 5, changing the
amplitude of the external stimulus under a fixed temperature
induces pronounced mode transitions: at lower amplitudes, the
system exhibits chaotic firing, whereas increasing amplitude
drives dynamics toward multi-periodic states, revealing the
intricate dependence of neuronal firing on stimulus strength.
Figure 6 further shows that appropriate tuning of voltage am-
plitude can shift firing patterns from chaos to periodicity,
with the periodic regime exhibiting higher average pseudo-
Hamiltonian energy than the chaotic regime, indicating en-
hanced energy accumulation during ordered firing sequences.

Modulation of the external stimulus frequency likewise
governs neuronal firing modes (Fig. 7). Within certain fre-
quency intervals, the system displays various firing patterns
depending on the selected frequency. Neurons adjust re-
sponses to oscillatory signals from the phototube through volt-
age frequency changes, producing either chaotic or multi-
periodic firing behaviors (Fig. 8). Notably, regardless of
whether transitions are induced by amplitude or frequency
variations, periodic firing states generally maintain higher av-
erage pseudo-Hamiltonian energy than chaotic states, suggest-
ing rhythmic firing allows more efficient energy utilization.

System temperature variations influence peak distribu-
tions, primarily due to temperature-dependent modulation of

ion channel kinetics, membrane capacitance, and other crit-
ical biophysical properties. The thermistor’s resistance de-
creases with increasing temperature, directly affecting over-
all excitability and firing responsiveness. Figure 9, including
the bifurcation diagram and Lyapunov exponent spectra, re-
veals distinct firing patterns across temperatures. By carefully
adjusting temperature, the system can be driven into periodic
or chaotic firing states, depending on intrinsic properties and
stimulus conditions, demonstrating the temperature-sensitive
nature of neuronal dynamics (Fig. 10).

The reference resistance of the thermistor also plays a
critical role in shaping neuronal firing patterns. Figure 11
illustrates the relationship between neuronal firing modes
and the thermistor’s reference resistance. Within a certain
range, an excessively high thermistor reference resistance
(Fig. 12(c)) reduces conductance, substantially lowering neu-
ronal excitability and inducing a quasi-resting state (near-
resting with minimal spiking). Conversely, within an appro-
priate range of thermistor reference resistance, the system ex-
hibits diverse firing patterns, revealing complex nonlinear dy-
namics depending sensitively on both temperature and volt-
age. These findings highlight the delicate balance between
thermal and electrical parameters in regulating neuronal ac-

tivity (Fig. 12).
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Furthermore, a stability analysis of the system’s dynamic  ditions. The results indicate that these dynamic behaviors are
behaviors, including phase portraits, bifurcation diagrams, and ~ largely insensitive to changes in initial values, thereby enhanc-

Lyapunov exponents, was performed under varying initial con-  ing the robustness of our findings.
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Fig. 10. Evolution of x—y plane phase portraits, variable y, and pseudo-Hamiltonian energy H at different thermistor temperatures: (a) 7 = 1;
b)T=3;(c)T =5.
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complete set provided in the subfigure.
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Fig. 13. Two-parameter dynamics analysis for varying phototube voltage amplitudes (ug) and temperatures (7). Color mapping represents
either the number of distinct peak magnitudes or the average pseudo-Hamiltonian energy. (a) Two-parameter bifurcation diagram; (b) average

pseudo-Hamiltonian energy.

For this photothermal-sensing neuron circuit, the simul-
taneous perception of external light and thermal stimuli is
particularly noteworthy. In Fig. 13(a), color variations rep-
resent counts of distinct peak magnitudes, with yellow re-
gions indicating chaotic behavior (high peak counts). The
two-parameter bifurcation diagram captures not only single-
parameter bifurcation evolution but also the complex dynam-
ics arising from simultaneous variation of two parameters. It
demonstrates that firing states are jointly influenced by photo-
tube voltage amplitude and temperature: vertically, tempera-
ture modulates the range of phototube voltage amplitudes as-
sociated with chaotic firing. At lower temperatures, ion chan-
nel activity is reduced, resulting in a stable quasi-quiescent
state regardless of stimulus intensity. As temperature rises,
the dynamic behavior transitions, including chaos, depend-
ing on the chosen stimulus intensity. Horizontally, phototube
voltage amplitude modulates the temperature range for chaotic
firing. Consequently, chaotic firing in functional neurons re-
quires suitable combinations of both bifurcation parameters.
Several boundary regions, representing the system’s bifurca-
tion points, are discernible in the figure.

Figure 13(b) employs color to illustrate variations in aver-
age pseudo-Hamiltonian energy across the two-parameter sets,
reflecting systemic energy states. Consistent with Fig. 13(a),
the system exhibits higher average energy in stable states and
lower energy in chaotic regions. During periodic states, en-
ergy is distributed in an ordered manner within phase space,
concentrated in a limited number of modes, resulting in higher
average energy. In contrast, the energy of chaotic states is
dispersed across multiple unstable orbits, leading to increased
energy dissipation and lower average energy. This behavior
aligns with experimental observations that biological neurons
achieve higher energy efficiency during rhythmic firing ac-
tivities. Comparison confirms the consistency between firing
mode distribution and average energy: within suitable ampli-
tude and temperature ranges, the system exhibits chaotic firing
with relatively low average energy consumption, analogous to
biological systems (e.g., homeotherms) operating within an
optimal temperature range.

Comparing Figs. 13(a) and 13(b) further demonstrates

that the distributions of firing mode and average pseudo-
Hamiltonian energy are closely aligned. Within appropri-
ate amplitude and temperature ranges, the system manifests
chaotic firing with relatively low energy consumption, mirror-
ing the operational patterns of biological systems, particularly
homeothermic animals, under suitable environmental condi-
tions.

4. Adaptive control

Thermoregulation in biological systems relies on the dy-
namic equilibrium of energy metabolism, encompassing posi-
tive and negative feedback loops as well as multiple regulatory
mechanisms. This section introduces an adaptive control func-
tion in which temperature depends on pseudo-Hamiltonian en-
ergy, clarifying temperature-dependent neuronal firing mech-
anisms. Benchmark parameters are @ = 0.47w, a = 0.05,
b=0.05,c=15,1=0.2,1=0.2,up=5,rp=0.8, 01 =0.01,
Hy=0.5, 6, =0.1, Th = 1.0, Tp, = 5.0, with initial values
(0.2,0.1,0.02,0.01).

This section examines mode transitions and pseudo-
Hamiltonian energy changes during temperature-adaptive
growth until saturation. The gain factor, attenuation factor,
and energy threshold determine the temporal dynamics (e.g.,
time to saturation): increasing the gain factor or decreasing
the energy threshold accelerates saturation (Figs. 14 and 15).
The energy threshold represents the critical point for initiat-
ing metabolic responses. A lower energy threshold promotes
metabolic heat production, thereby accelerating heat accumu-
lation and system saturation.

Most biological systems, particularly homeotherms, have
an upper temperature limit 7,, beyond which temperature no
longer rises. Accordingly, the decay factor 0> and temperature
ceiling jointly modulate the saturation magnitude and time:
a smaller decay factor weakens heat dissipation, allowing
metabolic heat production to remain unbalanced, thereby pre-
venting stable saturation (Fig. 16). As metabolic heat drives
temperature toward Ty, heat dissipation mechanisms become
active; thus, Ty, significantly influences both saturation mag-
nitude and temporal dynamics (Fig. 17).
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Neuronal firing patterns also impact temperature-adaptive
control: varying external stimulus frequencies induce distinct
oscillatory characteristics and affect temperature progression
(Fig. 18).

The initial temperature Ty strongly affects the system’s
variables (e.g., y), pseudo-Hamiltonian energy (H), and sub-
sequent temperature evolution. Different initial temperature
values generate distinct starting states and dynamic trajecto-
ries: when Ty < T, variable y and pseudo-Hamiltonian en-
ergy exhibit pronounced initial changes, followed by gradual
temperature increase and stabilization; when Ty = Tp,, no sig-
nificant adjustments occur, and the final firing sequence dif-
fers (Fig. 19). Hence, varying initial temperatures produce
different energy accumulation processes, leading to distinct
neuronal firing evolution.

Beyond heating-phase adaptation, this study also investi-

gates cooling-phase temperature adaptation (Figs. 20 and 21).
Differences in initial states, such as metabolic rates or ion
channel opening probabilities, modify the dynamic equilib-
rium between heat generation and dissipation. As a result, for
identical attenuation factor o, varying initial temperatures in-
duce different cooling rates (Fig. 20). Conversely, for identical
initial temperatures, the attenuation factor o, substantially af-
fects temperature evolution (Fig. 21): a larger 0> enhances
heat dissipation, whereas values below a critical threshold
cause dissipation to lag behind generation, resulting in gradual
temperature increase through heat accumulation.

5. Conclusion

This study presents a biomimetic neuron circuit capa-
ble of multimodal photothermal perception. By integrating
a memristor-connected dual-capacitor structure with a photo-
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tube and thermistor, the circuit effectively emulates the bio-
physical properties of neuronal membranes and their respon-
siveness to both light and temperature stimuli.

Parameter-dependent firing patterns Variations in ca-
pacitance ratio, phototube voltage amplitude and frequency,
temperature, and thermistor reference resistance induce tran-
sitions between periodic and chaotic firing. Periodic states are
associated with higher average pseudo-Hamiltonian energy,
whereas chaotic states occur within specific parameter ranges.

Dual-parameter interactions Phototube voltage ampli-
tude and temperature synergistically influence firing modes,
with chaotic behavior confined to distinct parameter regions.
Lower temperatures tend to stabilize quasi-quiescent states,
while appropriately higher temperatures expand the range of
stimulus intensities capable of eliciting chaotic firing.

Adaptive temperature regulation The system’s temper-
ature dynamics, governed by pseudo-Hamiltonian energy, are
modulated by gain and attenuation factors, energy thresholds,
and temperature ceilings. Both heating and cooling phases ex-
hibit adaptive behavior, with initial temperature and dissipa-
tion capacity (attenuation factor) determining thermal equilib-
rium rates and saturation characteristics.

This model provides a theoretical framework for investi-
gating neuronal energy metabolism and photothermal sensory
integration, offering insights into biological neural encoding
mechanisms. Future work will focus on hardware validation
using FPGA or analog circuits and extending the model to
applications in biomimetic sensors, neuromorphic computing,
and intelligent systems, highlighting its potential for advanc-
ing artificial perception technologies.

It should be noted that the current model does not yet
account for environmental variability. Subsequent studies
will incorporate stochastic perturbations to explore phenom-
ena such as stochastic resonance, and will further investigate
multi-sensory integration and learning mechanisms, aiming to
enhance the model’s generality and functional versatility.
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