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Abstract Auditory system in animals can capture
external sound signals, which can be converted into
biophysical electric signals, and then the auditory
neurons are activated to generate kinds of firing
patterns. Bats can detect signals with ultrahigh
frequency while human auditory system is sensitive
to sound and voice within the frequency range 20 to
20,000 Hertz. In this paper, a piezoelectric neuron is
proposed to investigate the physical mechanism for
selection of frequency and filtering in auditory wave,
and filtering wave function is designed to simulate the
mode selection in the electrical activities of auditory
neuron. Sound signals with multiple frequencies are
imposed to drive the auditory neuron and mode
selection is analyzed in detail. A decay factor is
introduced to control the wave filter and frequency
selection, and the amplitude is decreased sharply
within transient period when the frequency is beyond
or below the threshold. Furthermore, additive noise is
accompanied by the sound signals and the mode
selection is investigated by taming the noise intensity
carefully. It is found that intermediate noise intensity
can enhance nonlinear resonance and the auditory
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Technology, Lanzhou 730050, China
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wave is encoded to induce regularity in the neural
activities. The results can be helpful for further
designing smart sensor and wave filter in signal
processing, and the biophysical mechanism for signal
processing in auditory system is clarified.

Keywords Piezoelectric neuron - Wave filter -
Frequency selection - Mode selection

1 Introduction

Auditory neurons [1-5] are sensitive to certain audi-
tory wave within appropriate frequency, and the
nonlinear vibrations from acoustic source can be
propagated and converted into electrophysiological
signal for activating kinds of firing modes in the
auditory system. From the biophysical viewpoint, the
vibration energy from the acoustic source can be
absorbed partially and then is exchanged in the
nervous system. The realistic voice and sound often
present combination of signals with multiple frequen-
cies, and the tympanic membrane and other structures
will be forced with nonlinear vibration propagated to
the spiral organ to the cochlea. Spirochetes are
auditory receptors that sense acoustic stimulation,
and it is composed of supporting cells and hair cells
which can encode and transmit sound signals to neural
electric signals, and then spiral ganglion neurons are

@ Springer
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activated to propagate these electric signals to the
brain and the sound signals are decoded completely.

During the encoding and decoding of sound signals,
vibration energy is captured and transferred to electric
field energy in the nervous system. The sampled time
series for sounds and voice can present complex and
nonlinear rhythm, and thus the multiple frequency even
chaos can be detected via nonlinear analysis. As is well
known, piezoelectric ceramics can transmit vibration
signal to electric signals when acoustic wave and
mechanical pressures are imposed on these functional
components. The authors in Ref. [6] suggested that
piezoelectric ceramics can be incorporated into the
simple neural circuit for possible repairing the hearing
impairment, and the dynamics in the functional auditory
neuron is investigated carefully. For potential applica-
tion in artificial intelligence and neuroscience, more
physical electric components can be embedded into the
neural circuits for detecting and encoding the external
optical signal, electromagnetic field and thermal sig-
nals. For example, thermistor [7-9] can be connected to
the neural circuit and its ability to percept temperature
effect can be realized in the biophysical thermosensitive
neuron [10-12]. Phototube can be coupled with most of
the neural circuits, and photocurrent is generated to
excite the neuron for presenting kinds of firing modes,
and this light-dependent neuron model [13-15] can
show potential application in designing artificial eyes.
The channel current across the Josephson junction
[16-18] can be regulated by changing the external
magnetic field, and the functional neuron [19, 20] can
estimate the effect of magnetic field when a Josephson
junction is connected to any branch of the neural circuits
[21-24]. Memristor connected to the neural circuits
enables realization of reliable memristive synapses
[25-27] and estimating the effect of electromagnetic
induction in neurons [28, 29]. For most of the generic
and functional neural circuits, some intrinsic parameters
can be tamed to present sole firing modes such as
spiking, bursting and even chaotic states, while the
activation of electromagnetic radiation [30-34] can
induce multiple firing modes and different firing modes
are induced intermittently. For reliable bifurcation
analysis and synchronization control in neuron and
neural network [35-39], these neural circuits can be
expressed by applying appropriate scale transformation
[40] on the physical variables and parameters in the
equations for the neural circuits [41-44].

@ Springer

In fact, the emitted signals from the realistic signal
source seldom present sole frequency, while most of
the works about dynamics in neurons are used to
discuss the nonlinear analysis and mode selection in
neurons by applying periodical stimuli and noise
[45-49]. That is, the external current on neuron
models is considered as equivalent transmembrane
current than realistic external current. On the other
hand, these functional electric components have finite
parameter response range and then wave filter occurs
to block possible activation and response for some
signal bands. For example, the photocurrent can be
generated only when the frequency in the external
illumination should be beyond the threshold of
frequency for the cathode material in the phototube.
For animals, the wavelength should be within the
range of visible light and thus the eyes can see the
objects completely. For human ears, the frequency in
acoustic wave within 20 to 20,000 Hertz can be heard
while bats ears are more sensitive to ultrasonic waves.

In this paper, a piezoelectric neuron [6] is used to
percept and encode the sound signals by activating the
wave filter. The sound signals from the signal source
present multiple frequencies and some acoustic waves
are blocked in the piezoelectric ceramic device in the
functional neuron, and the encoding mechanism is
explained to confirm the mode selection in the electric
activities in this piezoelectric neuron.

2 Model and scheme

From physical viewpoint, distinct mechanical defor-
mation can be induced when the acoustic wave and
mechanical force are imposed on the media surface,
and the polarity of molecules can be changed to
regulate distribution of inner field of the media. As a
result, transverse voltage is generated and changed in
the piezoelectric materials. Constant mechanical
pressure can generate stable output voltage while
nonlinear vibration can induce time-varying voltage in
the piezoelectric devices. In Fig. 1, a piezoelectric
component is connected to a neural circuit [50] for
receiving sound voice, and the processing of auditory
signal is presented.

The physical relation for external pressure F and
voltage Vpc on the piezoelectric ceramics in Fig. 1 can
be approached by
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where F, ¢, S, h, dy denote the external mechanical
force, dielectric constant, cross-sectional area, thick-
ness of the piezoelectric ceramics and dependence on
the physical property of the material, respectively.
That is, the output voltage Vpc can estimate the effect
of external vibration and mechanical force on this
piezoelectric device. The current iyg across the
nonlinear resistor in Fig. 1 can be estimated [50, 51]
as follows

3
iNR:—%( —%%) (2)
where the parameters p, V, and V describe the
conductance, reverse voltage and across voltage for
the nonlinear resistor R,,,,, respectively. Based on the
physical Kirchhoff’s law, the circuit equation for the
piezoelectric neuron circuit can be obtained by

dVe _ Vpee — Ve
dr Rg
diy,
L—=Vc—Ri E
dr c i+

C

— 1L — INR

(3)

Furthermore, the physical variables and parameters
in Eq. (3) are mapped into dimensionless variables
and normalized parameters by starting the scale
transformation [40] as follows

Ve Pt Ve
VO » Y VO ) IOC’ pc V() (4)

P E R p>C

é:_aa:_7b:_7cz—

RS V() P L

Neural circuit

Therefore, the dynamics and firing modes of the
piezoelectric neuron can be calculated by

dx 1

—=x(1 = &) —5x" =y + Eupe
D _ [x + a — by]
Jp = Cxta—by

From dynamical viewpoint, the equivalent voltage-
controlled current u,. estimates the piezoelectric
effect, and possible mode selection in neural activities
induced by external acoustic wave or mechanical force
can be well addressed by presenting the sampled time
series for membrane potential x. In the neural circuit,
the involvement of linear resistor Rg can stabilize and
balance the function of piezoelectric ceramics which
can be used as time-varying voltage source or current
source by regulating the channel current across this
branch circuit. In fact, the acoustic wave is encoded by
the piezoelectric ceramics and some wave bands are
blocked to prevent generating further response and
mode transition in neural activities. That is, the
voltage-controlled current u,. can present more
frequency than sole periodical current completely. In
a practical way, some bands in the acoustic wave can
be decreased soon or absorbed by the media com-
pletely. Here, we suggest that the mapped current can
be described by signals with variant angular frequency
as follows

Eupe = A(w, ) cos wt+{(7) (6)

where the stochastic disturbance {(7) can be estimated
by Gaussian white noise with zero aver-
age < {(t) > =0, and its statistical correlation is
represented by < {(t) {(t') > =2Dd(tr — 1') with
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any noise intensity D. The amplitude in the experi-
mental signal can be dependent on the angular
frequency, and it is defined by

Agexp(—t/4),
Alw, 1) =< Ao , Omin <O < Omax (7)
Agexp(—1/4),

where Ay is the amplitude value for the current under
piezoelectric effect, the positive parameter 4 denotes
the decay factor and it is decided by the piezoelectric
material. For setting smaller value for 4, the acoustic
wave out of the suggested bands will be filtered
quickly, otherwise, the filtered wave will be accom-
panied by additive weak wave beyond the suggested
thresholds. wpax and @, respectively, define the
upper and lower threshold for angular frequency, as a
result, the output voltage from the piezoelectric device
will be decreased quickly within finite transient
period, otherwise, the output voltage of this functional
neural circuit will be controlled by the acoustic wave
completely because the stimulus generated from the
piezoelectric ceramics is controlled by external vibra-
tion. In the practice of circuit realization, similar filter
wave control can be applied as follows

W 2 Wmax;

W < Wi ;

éu]’f = A(CU) COS T = [H(w - a)max) + H(wmin
— w)]Agexp(—1/1) cos wt

+ Ao[H(0max — @) + H(w — ®min) — 1] cos w;

(8)

where H(*) represents the Heaviside function, and
H(x) =1 at x > 0, otherwise, H(x) = 0. As is well
known, the neural activities can present possible
stochastic resonance when the noise intensity is tamed
carefully in the presence of certain periodical exciting,
and the signal-to-noise ratio (SNR) reaches a peak
value for generating higher regularity in the firing
patterns. On the other hand, coherence resonance can
be induced in the absence of periodical exciting, and
the coefficient variability (CV) of interspike interval
(ISD) series is calculated to show the coherence degree
[52-54] as follows

V<T?T> —<T>2
N <T >

cv

©)

@ Springer

where the period for adjacent peaks in the sampled
time series for membrane potentials is calculated for
the ISI with T value. The intrinsic parameters and
amplitude in the auditory wave can be adjusted to
induce better coherence with smaller CV value.

In experiment and practice, most nonlinear circuits
can be controlled and used as signal source with single
or multiple frequency. For example, the output voltage
from chaotic circuits can be used to drive a piezoelec-
tric device and sounds are induced as voice source,
which will generate kinds of sound signals by taming
the intrinsic parameters and the external stimuli.
Surely, the same simple neural circuit [50] can be
used and a piezoelectric is connected in parallel for
building an artificial sound source, and the emitted
acoustic wave will drive our proposed neural circuit
considering piezoelectric effect. That is, the acoustic
wave will induce complex vibration on the piezoelec-
tric device and voltage-controlled current u,. will
present different angular frequencies. For simplicity,
the regulation and adjustment of angular frequency in
the voltage-controlled current can be encoded from the
outputs voltage of the known chaotic Chua circuit
[55, 56]. Indeed, the output voltage in chaotic state can
contain signals with wide frequency band, and the
Chua oscillator is described by

/

£ =y —x) - af(x)
y/:x/—y/_i_z/ (1())
?=-py 7

where X/, y/, 7 are dimensionless variables mapped
from the output voltages for two capacitors and the
channel current across the induction coil, and the
normalized parameters o, f3, y are associated with the
physical values for the resistors, capacitors and
inductor. While the nonlinear function f(x’) is mapped
from the channel current across the Chua diode for the
Chua circuit, and it is obtained by

F&)=mx +0.5(mg —my) (| + 1| — |x' = 1])
(11)

It is confirmed that chaos can be induced in Eq. (10)
by setting parameters as o = 10, f =16, y = 0.01,
mo= — 1.296,m; = — 0.7364, and the initial values
for the three variables can be selected as (0.01, 0.1,
1.0). In the following section, the sampled time series
for variable x’ will be used as signal source.
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3 Numerical results and discussion

For getting numerical solutions for the neuron oscil-
lator driven by variant acoustic wave, the fourth-order
Runge—Kutta algorithm is applied and the time step is
fixed at 4 = 0.01 and the transient period is about 1000
time units. In generic way, the chaotic signals can
present wide band and frequency range, and they can
be used as signal source. As mentioned above, the
chaotic voltage from the Chua circuit can be used
acoustic signal before being absorbed by the piezo-
electric ceramics, which can generate variant voltage
and current across this branch circuit, and then the
neural circuit is excited effectively. At first, chaotic
outputs signal from Eq. (10) are filtered according to
the criterion shown in Eq. (7), and the original signals
and the spectrum after frequency selection are plotted
in Fig. 2.

That is, the thresholds w,,,,, ®,.;, control the
frequency band in the filtered signal. As shown in
Fig. 2, acoustic signal within high frequency and low
frequency can be filtered. For clear illustration, Fig. 3
shows the selection of frequency by applying different
threshold for w,,,x, Wpin-

In fact, decreasing the distance between ,,,ux, ®pin
enables the filtered signal present sole frequency and
period, and the functional neuron can be excited by

31 E i i
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Fig. 2 Acoustic signal (sampled from Chua system) and the
filtered acoustic signal are calculated in the time domain and
frequency domain. (@) Original acoustic signal and its spectrum
after FFT; (b) filtered acoustic signal and its spectrum after FFT.
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= 0.75, w,n;, = 0.25, and the parameters are selected asa = 0.7,
b =0.8,c=0.1, £ = 0.15 with initials (0.2, 0.1) in the neuron.
The inserted subfigure is an enlarged one within the region [0, 1]
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Low Frequency Medium Frequency | High Frequency
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Fig. 3 Setting thresholds w,,,,, ,,, for filtering acoustic
signals from the signal source in Eq. (10). The inserted
subfigure is an enlarged one within the region [0, 2]

distinct periodical stimulus for generating certain
firing modes. In the absence of noise, when the
amplitude of periodical stimulus is fixed, the angular
frequency in Eq. (6) is changed to trigger different
firing modes in the electrical activities, and the results
are plotted in Fig. 4.

The excitability of the neuron can be controlled by
changing the external stimulus, and a variety of firing
modes can be induced in the neural activities when the
frequency is changed carefully even within small
region. In practical way, the filtered acoustic signal
can be used to excite this functional neuron, and the

. (a) 5 (b)
| I || || Il
N | | |
X X
0 0
Al -1
NN NN |
2 -2
0 200 400 600 800 1000 0 200 400 600 800 1000
T y o
6 ‘ ?
(©) 1 \ (d)
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(4 T

Fig. 4 Sampled time series for the membrane potential in the
functional neuron is calculated by changing the angular
frequency in the external stimulus. For a o = 0.004;
bw =0.012; ¢ w = 0.05; d w = 0.15. The parameters are fixed
ata=07,b=08,c=0.1,£=0.15,4A=10
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electric activities in the neuron driven by low-
frequency signals are presented in Fig. 5.

From Fig. 5, it is demonstrated that the filter signal
within low-frequency band can excite the neuron for
generating continuous firing patterns with multiple
frequency and mixed modes are induced effectively.
Furthermore, the effect of noise accompanied with low
frequency in the filtered signals is estimated by
calculating the signal-to-noise ratio (SNR) [10] and
CV derived from the interspike interval (ISI) series in
Fig. 6, respectively.

Ao

s
SNR = 10log)o 7, B
Wp

(12)
where S represents the height of the signal peak
(values of the output power spectrum density at the
peak) and B denotes the amplitude of the background
noise measured at the base of the signal peak (the base
of the signal feature). Acw is the width for half height of
signal peak, and w, is the frequency located to the
peak frequency. The coherence degree is described by
the CV value and it indicates higher regularity in the
signal at lower CV value. When stochastic resonance
and coherence resonance occur, the firing patterns
show distinct regularity and the distribution for SNR
and CV is, respectively, calculated in Fig. 6 by
changing the noise intensities carefully.

It is confirmed that SNR can reach peak value while
CV gets smallest value when intermediate noise
intensity is applied to excite the functional neuron
accompanied driving by signals with low-frequency
bands. And the peak value locates the appropriate
noise intensity D = 7.0. For better illustration, the
firing patterns in the neuron are presented in Fig. 7 by
applying different noise intensities.

Fig. 5 Filtered acoustic

—_~
&0
~

That is, the involvement of noise can enhance the
disturbance on the firing patterns and multiple modes
can be induced in the neural activities. Furthermore,
we investigate the case when the filtered signals within
medium frequency band and the electrical activities
are presented in Fig. 8.

When the filtered signal within medium frequency
band is applied, the neural circuit is excited by external
stimuli with multiple frequencies. As a result, the
firing patterns become more complex than presenting
sole firing modes. It indicates that this functional
neural circuit keeps sensitive response to the realistic
stimuli and generates appropriate mode selection in
the electrical activities. By the way, the noise effect is
also estimated by calculating the SNR and CV in Fig. 9
when the noise intensity is adjusted in wider range.

It is confirmed that SNR can reach the peak value at
noise intensity D = 26, and similar stochastic reso-
nance is induced completely. Furthermore, noise
intensity is changed to trigger different firing patterns
in Fig. 10.

With the increasing of noise intensity, the chaotic
firing is enhanced in the neuron driven by the filtered
signals within medium frequency band, and the neuron
can give appropriate response in electrical activities in
time. For the high-frequency band, the mode selection
in the neuron and the filtered signals are presented in
Fig. 11.

It indicates that the neuron tends to generate chaotic
firing patterns when filtered signal with higher
frequency is applied to excite the neuron. It is
interesting to judge whether similar nonlinear reso-
nance can be induced when noise is accompanied with
this filtered signal in high frequency, and the SNR, CV
distribution dependence on the noise intensity is
estimated, respectively, in Fig. 12.

signal (a) and the sampled

—
(=)

time series (b) for the neuron
driven by the filtered signal.
The parameters are fixed at
a=07,0=08,c=0.1,
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Fig. 6 SNR and CV dependence on the noise intensity. The
parameters are selected as a = 0.7, b= 0.8, c = 0.1, £ = 0.15,
Opmax = 0.15, @, = 0.006. The threshold for peak value is
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Fig. 7 Firing patterns and attractors in the neuron by applying
different noise intensities. For (a) D = 1;(b) D = 7; (¢) D = 12;
(d) D = 18. The parameters are selected as a = 0.7, b = 0.8,
¢ =0.1, ¢ =0.15, w4 = 0.15, ®,,;, = 0.006

A peak value is stabilized for SNR at D = 0.4, and
further increase of the noise intensity will corrupt the
regularity in the neural activities of this functional
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selected with 1.0 for detecting ISI value, which measures the
period between two successive peaks in the sampled time series
for membrane potential x

neuron. That is, appropriate noise setting in the
intensity will enhance the auditory effect and the
signal is discerned clearly. In addition, the firing
patterns are plotted by applying noise disturbance in
the filtered signals with high frequency, and the results
are presented in Fig. 13.

Indeed, it indicates that decoded sound voice
becomes unclear when the electrical activities in this
functional neuron becomes more chaotic and decom-
position of the sound signal becomes difficult. In this
way, the ear function is destroyed and noisy condition
makes the capacity of discernment in auditory system
breakdown.

Indeed, the function of tympanic membrane and
spiral organ to the cochlea are reproduced by the
piezoelectric device coupled with the neural circuit,
and acoustic wave is captured and encoded for
inducing different firing patterns and action potentials.
Some bands of the acoustic wave are absorbed and
decayed soon while appropriate bands of the acoustic
wave are effective to realize piezoelectric effect for
generating electric signal and the neural circuit is

Fig. 8 Filtered acoustic (a)
signal a and the sampled 0.4
time series b for the neuron Before Frequency
driven by the filtered signal. © ] S;l‘:r";r';qumy
The parameters are selected 'g Selection
asa=07,b=038,c=0.1, = 0.2 -
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Fig. 9 SNR and CV dependence on the noise intensity. The
parameters are fixed at a = 0.7, b=0.8, ¢ =0.1, £ =0.15,
Opmax = 0.3, 0pin = 0.15. The threshold for peak value is
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Fig. 10 Firing patterns and attractors in the neuron by applying
different noise intensities. ForaD = 8.0;bD = 12.0; ¢ D = 26;
d D = 36. The parameters are kept asa = 0.7, b = 0.8, c = 0.1,
& =0.15, W = 0.3, @i = 0.15
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selected with 1.0 for detecting ISI value, which measures the
period between two successive peaks in the sampled time series
for membrane potential x

excited. In fact, for better detection of the acoustic
waves in noisy condition, more piezoelectric devices
can be used to couple the neural circuit, and more
artificial auditory neural circuits can be connected in
array and the sensitivity for wider bands can be
enhanced. Also, the similar algorithm for the wave
filter and frequency selection can be further used for
detection of ultrasonic in bats and optical filter in
visual systems for animals.

4 Open problems

The biological tissue and nervous system develop
certain self-adaption function for blocking noise and
stochastic disturbance, and thus signal can be well
detected and encoded. For example, all ears can be
strained and cocked to hear slight sounds voice.

Fig. 11 Filtered acoustic (a) (b)
signal a and the sampled 0.4 6
time series b for the neuron ’ Er—
driven by the filtered signal. Selcion
The parameters are fixed at = i Scocion
a=07,0=08,¢c=0.1, =
& = 0.15, Wy = 0.5, ] 024 x
Wipin = 0.3 S ‘
NI R ey
0.0 4 0.0 02 0.4 0.6
LI L -3l'l'l'l'l'l
0 10 20 30 40 50 0 200 400 600 800 1000
Frequency 4
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(a)

Fig. 12 SNR and CV dependence on the noise intensity. The
parameters for neuron are fixed at a = 0.7, b =0.8, c = 0.1,
& =0.15, Wnax = 0.5, Win = 0.3. The threshold for peak value
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Fig. 13 Firing patterns and attractors in the neuron by applying
different noise intensities. ForaD = 0.2; b D = 0.4;¢ D = 4.0;
d D = 6.0. The parameters are selected as a = 0.7, b = 0.8,
c=0.1,¢ =0.15, w4 = 0.5, W,in = 0.3

Squinting the eyes enable possible capturing the blurry
images and objects in the distance. Therefore, the
signal source comes from this neural circuit, the
frequency selection mechanism can be helpful for
selecting the most suitable firing patterns and modes.
For example, the output signals from this functional
neural circuit can control its frequency as follows

dow

= (x) = ksinx

(13)
where the coefficient k can be carefully selected within
appropriate range and then the acoustic wave will
cover larger band. The variable x can be obtained from
the functional neuron defined in Eq. (5), and other
appropriate forms for f(*) in Eq. (12) can be selected
to approach acoustic wave with different bands. For

13

0.4

(b)

0.0

cy A

03 ,

is selected with 1.0 for detecting ISI value, which measures the
period between two successive peaks in the sampled time series
for membrane potential x

example, the sound signals can be recorded series or
generated from another signal source, and the fre-
quency selection is controlled under the criterion
shown in Eq. (7). Accompanied with Eq. (13), after
wave filter and frequency selection, the voltage-
controlled current Cu,. will be controlled in the
amplitude and frequency with time, and then the
auditory neuron is excited for generating kinds of
firing modes and then the electrical signals are
propagated to the brain for further processing with
the gaits. As reported in some of the previous works,
the biophysical energy accounts for the mode selection
when the neuron is excited to propagate different
electrical signals, and the Hamilton energy mapped
from the physical field energy in these electric
components can be obtained by

W_l
2

w

ez

1
cv? + Eug : y?

H Loyl
= —X e
2 2c

(14)

where the variable V, i; describes the output voltage
across the capacitor and channel current across the
induction coil, respectively. The Hamilton energy
H measures the equivalent field energy in the neural
circuit, and it is effective to estimate the correlation
and dependence between channel current and mem-
brane potential. In fact, any slight changes in the
Hamilton energy indicate the occurrence of mode
selection and transition in the firing patterns, and fast
firing means quick release of energy and lower
average Hamilton energy is approached. As is well
known, both electric and chemical synapses can
enable effective signal processing and encoding in
biophysical signals, and the energy is absorbed to
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regulate the distribution and propagation of intracel-
lular and extracellular ions of the cell. Then a lot of
firing modes can be activated and selected effectively.
The biophysical mechanism for frequency selection in
the neural circuit can filter some wave bands and
appropriate firing modes can be selected. Furthermore,
the collective electrical activities of neural networks
can be optimized and synchronized under field cou-
pling [57-59], which can enhance signal and energy
exchange even synapse coupling is suppressed. For
these functional neurons and neural circuits under
hybrid synapse connection or field coupling (con-
nected via capacitor, induction coil, memristor,
Josephson junction), continuous regulation and con-
trollability in the coupling channels can explain the
biophysical mechanism of synaptic plasticity and
activation of chemical synapse. Therefore, for forth-
coming study on pattern selection and control of
synchronization stability in neural networks, the effect
of frequency selection should be considered than
applying any external stimuli on the neurons and
networks.

5 Conclusions

In this paper, an artificial auditory neural circuit is
proposed by incorporating piezoelectric device into a
feasible neural circuit, and reliable algorithm for wave
filtering is presented to discern the acoustic wave via
the piezoelectric ceramics. In a noisy condition, this
functional neural circuit can be effective to discern
and encode the acoustic wave and trigger effective
action potentials, and then appropriate firing modes
are triggered in the artificial neuron. As a result, the
brain is informed to guide the body to behave
suitable gaits. The results well addressed the biophys-
ical function of auditory neurons and the mechanism
for wave filtering and frequency selection in the sound
signals. Readers in this field can further explore the
collective behaviors of functional network composed
of auditory neurons driven by more acoustic waves.
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ARTICLE INFO ABSTRACT

Keywords: A memristor is incorporated into one branch circuit, and the effect of electromagnetic induction in the chaotic
Memristor circuit is discussed. The involvement of memristor into different branch circuit just changes the energy exchange
Bifurcation

and balance in the chaotic circuit and then the dynamics and Hamilton energy can be adjusted completely. The
magnetic field energy in the memristor can compensate and suppress the pumping and exchange of electric field
energy in the capacitor along the same branch circuit. Therefore, the energy pumping is terminated, and then the
chaotic circuit is controlled completely when the memristor is connected to the capacitor in the branch circuit.
When memristor is connected to the induction coil in series, the current across the memristor has slight impacts
on changing the chaotic states even stochastic disturbance is applied because the magnetic field energy can be
shared between the memristor and induction coil. Additive branch circuit composed of isolated memristor can be
connected to chaotic circuits for enhancing its memory effect. The connection of memristor to capacitor along
any branch circuits of chaotic circuits will control the chaos, while connection to induction coil in series can

Hamilton energy
Chaotic circuit

change the dissipation and chaos is kept well.

1. Introduction

Nonlinear circuits can be controlled to present a variety of firing
modes in the sampled series for output voltage, and some chaotic cir-
cuits [1-4] can be used as reliable signal generator for producing stable
output voltage and continuous periodical signals as well. Some of the
chaotic systems have potential application in the field of secure
communication and image encryption [5-9]. The realization and acti-
vation of nonlinear circuits depend on the intrinsic physical properties of
nonlinear electric components and external stimuli as well. For building
generic chaotic and hyperchaotic circuits, the capacitor, induction coil,
nonlinear resistor and/or channel diode, linear resistors are often con-
nected in parallel and in series for completing more close loops and
nodes. For further dynamical analysis and control, scale transformation
[10] is applied for the variables and physical parameters of electric
components and then dimensionless nonlinear oscillators are obtained.
Furthermore, two or more chaotic oscillators are coupled to stabilize
synchronization control [11-14], and parameter estimation [15-18],
pattern selection and control [19-22] by applying more feasible
schemes.

Memristor is a specific electric component, and its memristive
property can enhance the release and activation of specific biophysical
function when it is incorporated into neural circuits. The collective be-
haviors of networks and coupled oscillators are dependent on the
physical properties of coupling channels, local kinetics of nodes, and
topological connection between nodes in the network [23-25]. The
direct variable coupling results from the voltage coupling via linear
resistor, and continuous consumption of Joule heat will change the
energy exchange and propagation and thus chaotic circuits can be
controlled completely. In practical way, the coupling channel should be
controllable so that the coupling intensity can be adjusted and the most
suitable coupling intensity is confirmed with lower control cost (shorter
transient period, lower energy cost). For example, when the parameters
are unknown, the saturation gain method [26,27] becomes available
and effective for synchronization stabilization between chaotic and
neural circuits because the coupling intensity can be increased with
slight step before reaching complete synchronization even all the pa-
rameters of the coupled chaotic systems are unknown. On the other
hand, adaptive synchronization [28-30] can be applied for estimating
unknown parameters in the chaotic systems when the parameter
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Fig. 1. Schematic diagram for Chua circuit. R,,, denotes the Chua diode.

observers are controllable. In fact, the involvement of specific electric
components coupled to the nonlinear circuits can utilize some physical
abilities by changing the channel current in practical way. For example,
Josephson junction [31-33] has the physical property as induction coil
and it can estimate the effect of magnetic field [34,35] when it is
coupled with some nonlinear circuits. Electric field is activated in the
coupling channel when capacitor is used to couple chaotic circuits, and
complete synchronization can be stabilized when energy pumping and
exchange are controlled for balance along the coupling channel [36-38].
Magnetic field is induced in the coupling channel when induction coil is
used to bridge connection between neural circuits, and it explains the
biophysical mechanism for chemical synapse coupling between biolog-
ical neurons [39,40]. Memristor is a new specific electric component
and bridges connection to magnetic flux and charge [41-44], and its
distinct memory property shows that the memductance is dependent on
the passed current and propagated charges along the channel. From
dynamical viewpoint, the involvement of time delay and fractional
calculus [45,46] can introduce and estimate the memory effect. Mem-
ristive synapse [47-50] is designed when memristor is connected to
neural circuits, and synaptic plasticity is reproduced when memristor is
used to couple neural circuits and the coupling channels become
changeable. These memristor-coupled nonlinear circuits can be mapped
and developed to get a variety of memristive systems [51-53], which the
dynamics is dependent on the initial value for the memristive variable,
and the synchronization stability is also changed when the memristive
variable is disturbed even the coupling intensity and parameters are
fixed [54,55]. In particular, the effect of electromagnetic induction and
radiation on biological neurons can be explained when magnetic flux
and induction current are considered according to the Faraday’s law of
electromagnetic induction and the principle of dimensional consistency
[56].

In fact, the current balance between different branch circuits can
control the energy exchange and dynamics in the nonlinear circuits. As a
result, the branch circuit current becomes changeable and memristive
when a memristor is incorporated into this branch circuit. In presence of
external magnetic field, the propagation of charges and fluctuation of
the magnetic flux will be affected because the channel current across the
memristor is dependent on external magnetic flux. Therefore, the
memristor-coupled nonlinear circuit will present different sensitivities
and dynamics dependence on the initial value for memristive variable
[57-59] when memristor is connected to different branch circuits in
parallel. When memristor is coupled with the Chua circuit in an additive
branch circuit, the shunted current across this memristor can excite the
memristive Chua circuit in possible way [60-64]. However, the channel
current will be controlled completely when a memristor is incorporated
into any branch circuits by connecting to the capacitor, induction coil in
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series, respectively. In this paper, a memristor is respectively connected
to the capacitor, and induction coil in series for estimating the dynamics
and stability, and the energy balance is also discussed. Bifurcation
analysis and Lyapunov exponents are calculated when the memristor is
connected to different electric components in Chua circuit, respectively.
Furthermore, the external magnetic field is applied to estimate the sta-
bility in the memristive circuit by regulating the magnetic flux with
noisy signal, and nonlinear resonance is investigated. These results
could provide possible guidance for building more memristive circuits
by placing the memristors into the most appropriate branch circuit and
the memory effect is enhanced greatly.

2. Model and scheme

The original Chua circuit is composed of two capacitors, two linear
resistors, one induction coil and one nonlinear resistor, and it can be
controlled to present chaos by taming the intrinsic parameters for the
electric components even any initial values are applied. In practical way,
piecewise linear and Jerk functions for nonlinear electric devices can be
applied to obtain multi-scroll attractors, and memristor can be coupled
in an additive branch circuit to enhance its multistability and initials
dependence. In Fig. 1, the original Chua circuit is presented, and the
output voltages from the two capacitors can be tracked for further series
analysis.

The circuit equations for an isolated Chua circuit can be described by

Cl% = VCR;ZVQ —ing
e, - VCR;VC (1a)
L%%:fhﬂr—wz
ivgk =f(Ve,) = Gy Ve, +0.5(G, — G,)(|Ve, +E| — |Ve, —EJ) (1b)

where iyg denotes the current across the nonlinear resistor (Chua
diode) , and V1, Vo, i1 represents the output voltage from capacitors
and induction coil, respectively. Standard scale transformation shown in
Eq.(2) is applied for all variables and parameters in the Eq.(1) as follows

Yo Vo iRt G
E7y E’ E’ R,Cy’ c/’ o)
R’ R\R,C
p= zz,mngzGa,m, =R:Gy,y = ILZ %
1 1

As a consequence, the dimensionless Chua system is obtained by
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Fig. 2. Case 1: Memristive Chua circuit in which the memristor is connected to
the induction coil L, in series. M and R;,, describe the memristor and Chua
diode. R; and R represent the linear resistors.
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y=x—-y+z (3a)
i=—pPy-rz
fx) = mix+0.5(mg —my)(Jx+ 1| — |x — 1].); (3b)

where the nonlinear function f(x) denotes the dimensionless current
across the Chua diode (nonlinear resistor), and the variable x, y, z rep-
resents the variables mapped from the voltage, current across the two
capacitors, and induction coil, respectively. The coefficients a, 5, y, mo,
m; are normalized parameters for the electric components. As is well
known, memristor is a specific physical component, and it bridges
connection to the physical variables between magnetic flux and charge.
The memory effect of memristor indicates that its memductance is
relative to the propagated charges/current or exchange of magnetic flux,
as a result, the variant current across the magnetic flux-controlled
memristor can be estimated by

_dq(¢) _dq(¢) d¢ _ b _

dr d¢p dr dt

i = M(¢) (#)Vur = (a+36¢")Var: ©)

Here, ¢ describes the magnetic flux, M(¢) is memductance, and Vy,
denotes the voltage across the memristor. The magnetic flux across the
memristor will be controlled when it is exposed to external magnetic
field, as a result, the channel current will be controlled by external
magnetic field when the memristor is incorporated into any branch
circuit in the nonlinear circuit. Three cases are investigated, the mem-
ristor is used to connect to the capacitors and induction coil in series,
respectively. The memristor is connected to the induction coil (Case 1),
memristor connects the capacitor C, (Case 2), and memristor is bridged
to capacitor C, (Case 3), and the physical parameters can be adjusted to
discuss the dynamics dependence on the memristive variable. At first,
we discuss the case when a magnetic flux-controlled memristor is con-
nected to the induction coil in the Chua circuit, and the memristive
circuit is plotted in Fig. 2.

According to the physical Kirchhoff theorem, the circuit equations
for Fig. 2 can be obtained by
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dVC,
dt

dve,
= dt

i

_ VCZ - VC

L

R, INR

Ve, = Ve,
R,

G

=iy, —

; )

g _ v
dt  a+3bg

In addition, the current across the Chua diode is also described by Eq.
(1b). Vi, ¢ represents the voltage across the memristor and magnetic
flux for the memristor, while G,, Gp, E denotes the conductance value,
and cut-off voltage in the V-I curve for Chua diode, respectively. When
the memristor is connected to the induction coil in series, both the in-
duction coil and memristor are controlled by the same channel current.
Therefore, the channel current along this branch circuit is described by
the memristive current. For further nonlinear analysis, scale trans-
formation as shown in Eq.(6) is applied for the physical variables and
parameters in the circuit equation defined in Eq.(5), it meets as follows

e Ve, Ve iR 1 SR, +R,)
EYTE” E T RC EL, ©
G, GRS R\R,C,
—RGaymy = RoGya = 22, = 202, 17002,
myg 20U, My 26y, C p L e L

As a consequence, the memristive Chua system for Case 1 can be
represented by

X =aly—x) —af (x);

y=x—-y+z
z
i=—r2=py =P @
rz—Py ﬁ(a e
. z
= + — 5
¢ (ﬁ 7) (a b ¢2)
where the normalized parameters are defined as a'=Raa,

b’:3bR2(EL1)2/(R1 + Rz)z, and they are relative to the selection of
intrinsic parameters in the memristor. The normalized current across the
Chua diode of Chua circuit is estimated in Eq.(3b). For further knowing
the effect of memristor connection to different branch circuits, the
physical energy in these components and the Hamilton energy is
respectively calculated for three cases. The energy unit is estimated as
Wo = C2E2, and the field energy in the memristor can be calculated as
well when it is regarded as an equivalent inductor with appropriate
inductance Ly;. For Case 1, the field energy in the capacitors, induction
coil and memristor are respectively obtained by
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Fig. 3. Case 2 Memristive Chua circuit in which the memristor is connected to
the capacitor C, in series. M and R,,, describe the memristor and Chua diode.
R; and R represent the linear resistors.
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Fig. 4. Case 3 Memristive Chua circuit in which the memristor is connected to
the capacitor C; in series. M and Rp,, describe the memristor and Chua diode.
R; and R, represent the linear resistors.
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For the memristive system in Case 1, the Hamilton energy for each
component can be replaced by

1 1, 11,

1
—x* He, =

He, = 3 Hy, =2 Hy == —¢ 2

¢ 2 P =g B =5 e ©
S PR U P N R
T T2a T2 T T2

Where the symbol “—* indicates that the capacitor C; used to release
electric field energy while another capacitor C, prefers to absorb and
pump field energy. Indeed, according to the Helmholtz theorem [65],
the Hamilton energy function for generic dynamical system accounts for
the intrinsic field energy. It is claimed that the most Lyapunov function
should be consistent with the sole Hamilton energy function [66]. In
addition, when this memristive circuit is exposed to magnetic field, the
charge propagation and magnetic flux across the memristor will be
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changed. In case of stochastic disturbance, the memristive system is
regulated by

X=aly—x) —of (x);

y=x—y+z
Py — H 10
i=—rz—py ﬂ(a.+b.¢2), (10$)
- z _
¢ = (/}+7’)7(a’+b}/{2)+§(7)’

When external stochastic disturbance &(7) is applied, the magnetic
flux is regulated to change the output voltage across the capacitor in
nonlinear way, and the dynamics becomes dependent on the memristive
variable because of memory effect. As shown in Fig. 2, the memristive
current across the memristor estimates the current across the induction
coil, and the electromagnetic induction in this branch is controlled by
the memristor completely. Therefore, it is interesting to discuss the case
when memristor is connected to the capacitor Co, and the memristive
circuit is shown in Fig. 3.

The channel current across the memristor will regulate the charge
and discharge on the capacitor Cy, and the circuit equations can be
approached by

dv, . . X
C, dtcl I, — Iy — INR
ave,
2 =M
. a =>Ve,
L R Ve — (i, — iRy
1 dr I, Iy C Ly M )2
d¢
— =1V,
a M
dVC| . .
1 dr =1, M — INR
dav, dv,
Crg = Cogy—
=Ve, —Vu=> di ; 11
i . ,
L17§] = —ip, Ry — V¢, — (ip, — in)Ra
d¢
vy
a v

Considering the induction current across the memristor shown in Eq.
(4), and then the Eq.(11) is updated by applying similar scale trans-
formation as follows

Vo, _Vu iR o p(R+R) i

Y= W=t T =T TRG
c c c a2

R R\R, Gy

=RyG,ymy = RyG,a = —2 =22 = 122

my 2Gq, my 26, 0 C1/ L 4 L

In addition, the improved memristive system for Case 2 can be
rewritten by

i=az —oaf(x)—al@a +bp*w
W=—az +af(x) — (a—1)(a +bp*)w,
=y —px—p —pla +b¢ w
¢ =F+rw

The normalized parameters @/, b’ are the same as shown in Eq.(6),
and Eq.(7), and the normalized current f(x) for case 2 is still estimated in
Eq.(1b). Considering the third term in the second formula in Eq.(13), it
will induce rapid increase of the variable w and thus the system becomes
more convergent at @ > 1. By the same way, the field energy saved in
these electric components and corresponding Hamilton energy can be
estimated by

13
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Fig. 5. Bifurcation diagram and distribution of three larger Lyapunov exponents for Case 1. For (a) f =18,y =0,mp= — 1.664, m; = — 0.598, a’=1, b’=10; (b) a =
8y=0,myg= —1.664, my = —0.598,a’=1,b'=10; (c)a =8, =18,y =0,mg= — 1.664, m; = — 0.598,b’=10; () a =8, =18,y =0, mg = — 1.664, m; =
— 0.598, a’=1. The parameters are fixed at my = — 1.664, m; = — 0.598, y = 0.0, b’=0.25, and the initial values for Eq.(7) are selected as (xo, Yo, Zo, Wo)=(0.1, 0.1,

1.0, 0.1).

The superscript J and F represents the Joule heat and field symbol,
respectively, and the terms indicate that the average Joule heat
consumed and magnetic field energy in the memristor. Therefore, the
Hamilton energy in the four electric components can be rewritten by

1 1 1
=—x;, H. =—(x-w); H, =—2z";
“ 2a © 2( ) Y
’ 1 b’
H,=H, +|H |2 =2 —¢w+|-——¢"w (15)
w=Hy Al etd
1 ’ b' 13
H=——x"+—-(x-w)l+—z"+——¢"w
2a 2 25 2 f+y

The Hamilton energy for the memristor contains two parts, one ac-
count for the Joule heat and another term means the pumping of field
energy. This energy is dependent on the intrinsic parameters in mem-
ristor and other parameters for the capacitor and induction coil in the

1, , 1C¢ ., ,, 1
‘/VCl ZECI VC| = 5 FZC Ex" = %Wox 3
| , 1. 1
W(;Z :ECZVCZ :ECZ(VCI - VM) :ECZE (X—W) —EWO(X—W) 5
1, L E., 1_ .,
WLI :EL”LI IELIF%Z ﬁWOZ 5
1 1 1 1 a . b .
Wy = =Ly, = =iy = = 3bdp* )V = =W, — P w=w,
M=7 MUy 2¢’M 2¢(a+ b )V 3 O(ﬁ+}'¢ ﬂ+7¢ yw M

21

14)

Chua circuit as well. In addition, external magnetic field can change the
channel current and thus the dynamics of the memristive system can be
controlled. The magnetic flux is controlled by magnetic field in presence
of stochastic disturbance as follows

f=az —af(x) —al@ +b¢*w
W=—az +af(x) = (@a—1)(a +b¢*)w_
=y - p —pld +b¢w
¢ =(p+rw+E@

In fact, the memristor can also be connected to the capacitor C;, and
the memristive circuit is plotted in Fig. 4.

According to Fig. 4 and the Kirchhoff theorem, the voltage changes
along the close loop connected the capacitor C;, Cz, and memristor M
follow Vi1 + Vi — Vo + Raige = 0, and the equivalent circuit equations
are obtained by

16)
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Fig. 6. Developed attractors, evolution of variable and transition in the Hamilton energy in different electrical components are plotted by changing one parameter

for Case 1. For stage 1, a =10, =18,y =0, my = — 1.664, m; =

—0.598, a’=5,b'=2; stage 2,a =8, =18,y =0,my = — 1.664, m; =

—0.598, a’=5, b'=2; stage

3,a=10,=24,y=0,mg= — 1.664, m; = — 0.598, a’=5, b’=2; stage 4, a = 10, =24,y = 0, mp = — 1.664, m; = — 0.598, a’=5, b’=6.
dVC
Ci—t =iy VeV _Vcﬂ lL.Rz PR +R) 1
d di » i TTEYTEYTES b = EL, Ry R
M [ IRy
c—= el s C e CiR, 7 CZR _RRCy . 3bR,(EL,)*
m = Rszaa* 7,5* 14 =Roa,b ==
Ve L, L, (Ri+Ry)
G dl‘- =iy, — iy — Iing ) a7) 18)
lelL. — i, R — V¢ In particular, the normalized current across the nonlinear resistor
dt ! : (Chua diode) is updated by
d¢ ,
= Vn F ) = my (et w) +0.50mo — m)(r 4 w) + 1| = [+ w) — 15 (19)

Similar scale transformation in Eq.(18) is applied for variables and
parameters in Eq.(17),

= a(a. + b'¢'2)w
1

w:m[*%d)(ﬂJrr)w —(ma+1+a)(a

y=z —(@d +b¢p*)w—f(x)
{=—py—rz
¢ =(B+rw

In addition, the memristive system for Case 3 can be represented by

O PPw L —f (v)]

(20)
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Fig. 7. Evolution of the Hamilton energy H in this memristive circuit. For (@) @ = 10, # =18,b’=2; (b) a =8, f =18, b’=2; (c) a = 10, f = 24, b’=2; (d) a = 10, f =

24, y = 0, b’=6, the other parameters are fixed at y = 0, mo = — 1.664, m; = —

Compared the dynamical equations for Case 3 with the Case 1 and
Case 2, more normalized parameters are involved. As a result, the dy-
namics becomes more sensitive and dependent on these parameters.
Similar field energy and Hamilton energy are also estimated for the Case
3.

1

1 1 1
We, =5C1 Ve, =5C1(Ve,— Vi)’ =5C1E2 (y—W)2=5Wo(y—W)2;

1 1 1
We, :Eczvéz =§C2E2 2=§W0,V2§
1 1 E?

Wi==Lii® =-L —z’zle 7%
L121L121R§ Zﬁo’

1 1 1 1 a . b .
Wy ==Lasiy, =iy == 36 ) Vg ==Wo(——p +——ap Y w=W,+WE:
M= MUy 2¢’M 2¢(“+ ¢ ) Vi ) 0(ﬂ+}’¢ +ﬁ+)/¢ yw T Wy

(2D

Furthermore, the equivalent Hamilton energy for case 3 can be
updated as follows

y=2 —(a+b¢*w—f(x)
i=—py-rz

¢ =B+rw+i()
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Fig. 8. Distribution of CV by changing the noise intensity for Case 1. The pa-
rameters are fixed ata = 10, =18,y =0, mg = — 1.664, m; = — 0.598, a’=5,
b’=10, initial values are selected as (0.1, 0.1, 1.0, 0.1).

1 1 1
ng(y_w)z; ]—]szzyz’ HL1=ﬁ2'29

From dynamical viewpoint, taming the normalized parameters in the
J = 1 d , 1 b ; memristor and electric components can change the dynamics of the
H, =H,+ = 5 Pw+ E Powi, (22) memristive oscillator, and similar firing patterns (spiking, bursting) can
B+y Bty be induced besides the chaotic or periodical firing modes. Furthermore,
, 1 b stochastic external magnetic field can be applied to control the channel
H=- 2_ (y=wy + 5 yi+ 5 P+ 5 —¢"w; current across the memristor, and then the dynamics of this memristive

B B+y circuit can be regulated as follows

i=ald +b¢Hw
W= m (<26 (B+ 7w — (ma+ 1+ a)d +b o> )w+27 —f (x)]

; (23)
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= 29, the parameters are fixed ata =10, § =18,y =0,mp = — 1.664, m; = —
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In generic way, Gaussian white noise with zero average is often
considered for describing the stochastic disturbance and its physical
statistical properties are defined as < £(7)>=0, <&(z) £(7')>=2Dé§(r — 7'),
where D denotes the noise intensity and §(*) means Dirac-6 function.
From physical viewpoint, the electric components in the circuit will
pump and store field energy when the capacitors are charged and cur-
rent passed across the induction coil. Electric field energy and magnetic
field energy can be injected and released from the capacitor and in-
duction coil, respectively. On the other hand, the memristor can
consume Joule heat and absorb magnetic field as well. For further
nonlinear analysis and potential application in neurodynamics, the
coherence degree can be estimated by calculating the coefficient vari-
ability (CV) of interspike interval (ISI) series as follows

V<TZ> —<T>2
cV = % : (24)

where the T represents the denotes the period for two adjacent peaks
(ISD in the sampled time series for membrane potentials or output
variables. In this paper, the ISI can be reduced from the sampled time
series for the variable x directly.

3. Numerical results and discussion

When memristor is incorporated into different branches of the Chua
circuit, the channel current across the memristor can regulate the out-
puts voltage of the memristive circuit with different scales. As a result,
the profile and firing modes of this memristive circuit will be controlled
by the memristive variable even all the parameters are fixed. For
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Fig. 12. Evolution of variables and the Hamilton energy H in this memristive circuit driven by noise (Case 2). For noise intensity (a) D = 0; (b) D = 10; (c) D = 20; (d)
D = 30, the parameters for stage 3 are fixed at @ = 0.01, f =24,y =0, mp = — 1.664, m; = — 0.598, a’=0.01, b’=0.01.
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simplicity, the resistance for resistor R; is removed and then the
parameter y = 0 without special statement. The fourth order Runge-
Kutta algorithm is applied to find numerical solutions of these mem-
ristive systems with time step h = 0.01. For the case 1, the memristive
current is relative to the channel current and induction current across
the induction coil, and the dynamics dependence on the intrinsic pa-
rameters (a, §, a’, b’) is estimated by calculating the Lyapunov expo-
nents and supplying the bifurcation analysis in Fig. 5.

It is confirmed that slight changes in the parameters (a, ) mapped
from capacitance and inductance can induce distinct mode transition
from periodic to chaotic states, while the changes in the normalized
parameters (a’, b’) in the memristor seldom changes the chaotic state
effectively. Furthermore, the formation of attractors and evolution of
Hamilton energy in this memristive circuit are calculated in Fig. 6 by
changing one parameter.

As presented in Fig. 6, the output voltages from the memristive cir-
cuit and chaotic attractors are changed completely, in addition, the
energy pumping in each electric component is also changed when the
intrinsic parameters for capacitor and induction coil (@, ) are adjusted.
However, the Hamilton energy for these components, chaotic attractors
and output voltages seldom show distinct changes. The total Hamilton
energy in this memristive circuit is also calculated in Fig. 7 when one of
the intrinsic parameters is changed.

The results in Fig. 7are consistent with the presentation shown in
Fig. 6, the memristive circuit used to hold lower average Hamilton en-
ergy when double scroll attractors are developed, while single scroll
attractor enables higher Hamilton energy in this circuit.
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Noise is often applied on the nonlinear systems and excitable media
for estimating the effect of stochastic disturbance. Nonlinear resonance
such as stochastic resonance and coherence resonance can be induced
and the disturbed systems often present distinct periodicity in the output
variables by adjusting the noise intensity carefully. For the memristive
system without external periodic stimulus, stochastic electromagnetic
radiation can change the channel current across the memristor, and the
other branch circuits can be controlled by the memristive current
effectively when the intensity of electromagnetic radiation is changed.
In Fig. 8, the noise intensity is changed to detect the nonlinear response
from Eq.(10) when external electromagnetic radiation is applied with
different intensities.The CV value shows distinct fluctuations with the
increase of noise intensity, and it reaches a lowest value at D = 19 while
the attractors show chaotic than periodic type. Furthermore, the evo-
lution and transition in the output variable and Hamilton energy are
calculated by changing the noise intensity, and the results are shown in
Fig. 9.

It is confirmed that the profile of double scroll attractors keep
robustness to the noise even its intensity is further increased. The po-
tential mechanism could be that the memristor is activated completely
and its field energy is increased and then is pumped to the induction coil
L; for possible balance along this branch circuit. By the way, the evo-
lution of total Hamilton energy in this memristive circuit is also calcu-
lated in Fig. 10.

In presence of double scroll attractors, the average Hamilton energy
is much close to a lower value even the noise intensity is changed in wide
range. It indicates that chaotic attractors are kept alive even noisy
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disturbance via the memristor is further increased. In fact, for the con-
dition described in Case 1, the memristive current and field energy
across the memristor are changed by external magnetic field, which is
estimated by changing the magnetic flux variable. As a result, magnetic
field energy is pumped into the induction coil. Therefore, the chaotic
attractors keep alive to the changes of parameters for memristor, and
external magnetic field has slight impact on the stability of chaotic
attractors. It is also interesting to discuss the Case 2, from physical
viewpoint, magnetic field energy can coexist with the electric field en-
ergy along the same branch circuit. For Case 2, the firing mode, evolu-
tion of Hamilton energy in the memristive circuit are plotted in Fig. 11.
It is found that the involvement of memristor connected to capacitor Cs
can calm down the chaotic circuit, and the Hamilton energy is decreased
to stable value. Furthermore, the stage 3 in Fig. 11 is extended to 5000
time units, and it is confirmed that all the variables and Hamilton energy
reach stable value finally. Because of the magnetic field effect in the
magnetic flux-controlled memristor, the excitation of channel current
can be converted to magnetic field energy and then the capacitor con-
nected to this memristor is seldom excited. As a result, the processing of
charge and discharge becomes discontinuous, and then the output
voltage from the capacitor becomes stable within finite transient period.
By the same way, external electromagnetic radiation is applied with
different intensities, and the results are plotted in Fig. 12.

Extensive numerical results confirmed that the chaos and oscillation
in the memristor-coupled circuit is suppressed, and the Hamilton energy
is stabilized because the variables become stable accompanied by the
termination of energy pumping. We also investigate the same problem
for Case 3, and the evolution of variable and transition of Hamilton
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energy are plotted in Fig. 13.

Similar to the results approached for Case 2, the variables developed
to a stable and certain saturation value when the memristor is connected
to the capacitor Cy, as a result, the oscillation in the memristive circuit is
suppressed completely. Furthermore, external electromagnetic radia-
tion is applied to discuss the stability and transition in the variable by
applying the same parameters for stage 3, and the results are plotted in
Fig. 14.

The chaotic circuit began to reach stable state within certain tran-
sient period and the oscillation is suppressed even external electro-
magnetic radiation on this nonlinear circuit is further increased.
According to Eq.(20), the variable w will be stabilized to stable value
with large negative gain, and then the output voltage from capacitor C;
will be kept balance. As a result, the channel current along this branch
circuit becomes stable, and then the energy pumping and exchange are
blocked. Therefore, continuous oscillation is terminated effectively.

In the previous works, an additive branch circuit composed of iso-
lated memristor is built to couple many chaotic circuits [67-70], and
then the memristive current across the memristor will be considered as
external stimulus, which has distinct excitation to the original chaotic
circuit. In particular, the involvement of memristive function associated
with memristor can induce multistability [71,72] in some nonlinear
circuits. The dynamics becomes richer and complex in fractional order
systems [73] composed of memristor, and hidden attactors [74,75] with
different shapes of equilibrium points can be induced in some mem-
ristive systems. The channel current across the memristor and its field
energy have effective impacts on mode transition and energy transition
in the memristive circuits. However, the connection of memristor to
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capacitor or induction coil along the same branch circuit may induce
extreme state (death in oscillation, keeps chaotic) because of the balance
and compensation of field energy between two electric components. On
the other hand, memristor coupling is effective to realize synchroniza-
tion [76-79], incorporation of memristor in the coupling channel just
activates an equivalent additive branch circuit, and thus two chaotic
circuits (neural circuits) can be guided and controlled to reach possible
consensus in the states. Our results in this paper remind that the
involvement of memristor to different electric components in the
nonlinear circuit will has distinct effect on the dynamics and mode se-
lection. Therefore, when more physical electric components such as
phototube, thermistor, Josephson junction, piezoelectric device are used
to couple resonators and nonlinear circuits, the effect of incorporation
position and connection to which electric component should be
discussed.

4. Conclusions

As is well known, the dynamics of nonlinear circuits becomes
dependent of initial values even all the parameters are fixed, and this
circuit is improved as memristive when a memristor is coupled to a
nonlinear circuit by adding an additive branch circuit. That is, a
connection of isolated memristor to the nonlinear circuit along an ad-
ditive branch circuit in parallel will activate the memristive effect
effectively because the memristive current across the memristor will
regulate the nonlinear circuit as external stimulus. In this paper, a
memristor is connected to the induction coil, capacitors in series along
three different branch circuits, the energy pumping in each electric
components and Hamilton energy in this improved circuit is calculated,
respectively. It is confirmed that the chaotic circuit keeps alive when
memristor is connected to the induction coil along the branch circuit,
and the two components can share and exchange magnetic field energy
continuously, therefore, this circuit still keeps alive even external
magnetic radiation is applied. However, when memristor is connected to
the capacitor along another two branch circuits, the magnetic field en-
ergy in the memristor can compensate and keep balance the energy in
the capacitor, as a result, continuous oscillation is suppressed and the
nonlinear circuit tends to reach stable state within finite transient
period. These results confirmed that connection of memristor to
different electric components will have different impact on the stability
of nonlinear circuits.
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ABSTRACT

Biological neurons are clustered and functional synapses are created to propagate electric
signals accompanying with formation of spatial patterns in the neural network. From
physical aspect, fast synaptic connections to neurons provide an effective shortcut for
energy exchange and keeping energy balance between neurons. In fact, field coupling
behaves effective bridge connections to neurons and then neural activities can be
controlled by spatial induction currents in the neural network. In this paper, memristive
neurons are controlled by magnetic flux by inducing gradient induction current in
presence of electromagnetic radiation without synaptic connections. Differed from the
previous uniform radiation, spatial radiation is imposed on the neural network and the
stability of spatial patterns is explored by imposing a spatiotemporal disturbance on the
network. Memristive neurons developed from Hindmarsh-Rose neurons by involving
memristive term and magnetic flux variable are used to build a chain network and a
lattice network under field coupling rather than using synaptic coupling. Synchronization
factors are calculated to discern the synchronization dependence on noise, amplitude
and frequency in the spatial electromagnetic radiation. An isolated neuron can present
stochastic resonance under noise and radiation with diversity. Field coupling enhances
energy exchange and local energy balance, and then synchronous patterns are controlled
in absence of synaptic coupling. External noise and spatial disturbance can induce
certain diversity in induction current and excitability, therefore, approach of complete
synchronization and development of regular patterns are blocked because of local energy
balance under field coupling. These results indicate that energy injection and control
of energy flow are effective to prevent the occurrence of bursting synchronization
and coexistence of multiple firing modes is formed in neural network composed of
memristive neurons under spatial radiation.

© 2023 Elsevier B.V. All rights reserved.

1. Introduction

Biological neurons present intrinsic self-adaption to external stimuli and thus appropriate firing patterns can be
guided and controlled completely. Indeed, any external physical stimuli used to inject energy into the media while
chemical stimuli will change the ions flow and shape deformation, and then energy flow is guided to regulate the
neural activities [1-5]. During continuous pumping and diffusion of intracellular ions and exchange with extracellular
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ions, the inner field energy is changed accompanying with the propagation of energy flow in/out of the cells. Sampled
data for membrane potentials are detected for nonlinear analysis, and then some theoretical models are proposed to
reproduce similar output series and then these models are handled as biological or mathematical neurons. From dynamical
aspect, continuous models [6-10] described by ordinary differential equations containing nonlinear terms and discrete
models [11-14] presented in maps can be controlled in the external stimulus and intrinsic parameters for showing similar
firing patterns including quiescent, spiking, bursting and even chaotic patterns, which can also be detected from biological
neurons in nervous system by using patch clamp technology [15,16].

In fact, the physical effect in the biological neurons becomes important for further predicting and control of the
neural activities of neurons and network in complex electromagnetic environments. It is also worthy of investigating
the intrinsic biophysical property of biological neurons for designing more artificial neural circuits [17-22] and intelligent
networks. For example, Yamakou et al. [ 18] calculated the nonlinear resonance in a memristive neuron under noise. Sayari
et al. [19] explored the effect of structural connectivity matrix of a human brain on bursting synchronization in presence
of stimulus. Kusbeyzi et al. [20] suggested a scheme for improving the biophysical function of mathematical neuron models
by supplying memristive terms associated with memristor [21]. Hansen et al. [22] demonstrated the role of time delay
on synchronization stability in a neural network. The inner and outer cell membranes of biological neurons discern the
capacitive property and the channel currents show the inductance characteristics of neurons. Therefore, both capacitor and
inductor are necessary electric components for building an equivalent neural circuit. Because of the stochastic diffusion of
inner ions and complex exchange between field energy (magnetic field and electric field), nonlinear electric components
including negative resistor, memristor, piezoelectric element are often incorporated into the ion channels to control the
energy flow [23-27]. In addition, external voltage source is applied as external stimulus and constant voltage source added
to the ion channels for proper measurement of inverse/resting potentials. These neural circuits can be approached by using
equivalent biophysical models [28-32] when scale transformation is applied on the physical variables and parameters
for the neural circuits. In this way, more biophysical neuron models can be obtained to discern external illumination,
acoustic wave, temperature changes and external magnetic field as well by embedding photocell, piezoelectric ceramics,
thermistor, Josephson junction into one of the branch circuits [33-35]. For example, Zhang et al. [33] built a new neural
circuit by connecting Josephson junction and external magnetic field can be perceived effectively. Zhao et al. [35] proposed
a neural circuit by incorporating memristor into one branch and a spiking neuron model is obtained. In particular, the
involvement of memristor can make a memristive system, which its dynamics can be controlled by the initial value for the
memristive variable even other parameters are fixed, and the inner effect of electromagnetic induction can be addressed
well by involving additive magnetic flux variable and induction current into the neuron models [36-40].

Based on these mathematical and biophysical neuron models, complete bifurcation analysis, nonlinear resonance,
synchronization and anti-synchronization can be explored well [41-45]. For example, Lian et al. [41] investigated the
stability of antiphase synchronization in nonlinear circuits under field coupling. Zhang et al. [42] suggested a scheme for
estimating complexity by analyzing the order patterns. Li et al. [43] claimed that frequency analysis can be used to identify
the parameters of nonlinear structural systems. Palabas et al. [46] confirmed the regulation on double coherence resonance
in neuron coupled by astrocyte. Klinshov et al. [47] discovered the occurrence of rate chaos and memory life time in neural
network composed of spiking neurons. Parastesh et al. [48] confirmed that blinking coupling is helpful to synchronization
enhancement. Sar et al. [49] found that time-varying phase interactions have impacts on swarming and synchronization.
For more guidance about collective self-organization in networks, clues can be found in the review [50]. Besides the
external stimulus, adjacent synaptic currents also have important role in regulating the electric activities of neurons in the
networks. For two or more neurons, the synchronous firing patterns are mainly dependent on the biophysical properties
of the coupling channels including electric synapse, chemical synapse, hybrid synapse and memristive synapse [51-53].
For biological neurons, the activation and modulation of synaptic connections are effective to propagate energy flow and
then the firing pattern in each neuron can be adjusted to show appropriate firing modes, and the adjacent neurons will
reach energy balance and possible synchronization or phase lock [54-56].

The collective electric behaviors of neural networks are mainly estimated by developing spatial patterns [57-63]
including spiral waves, Turing patterns and even spatiotemporal patterns and stabilizing synchronization in one-layer or
multi-layer networks. For example, Wu et al. [61] explored the repulsion dynamics of spiral waves near the unexcitable
zone and clarified that repulsion behavior results from any changes in the natural frequency of the spiral wave near
the unexcitable boundary. In a practical way, external noisy and periodic stimuli can be applied to control the pattern
formation and synchronization stability of networks. For neural circuits and biological neurons, the EMR (electromagnetic
radiation) can enhance the effect of electromagnetic induction [64-68] by injecting field energy because the propagation
of intracellular ions can be affected by electromagnetic field. Considering the controllability in realistic systems, the
characteristic of self-adaption and robustness should be considered by applying optimization algorithm [69,70] should
be confirmed for obtaining reliable controllers. In fact, biophysical models are enhanced in this self-adaptive property and
the self-organization of biological neurons can be discerned under field coupling, which enhances the signal processing
via energy exchange.

In this paper, based on a memristive neuron model, neurons are clustered under field coupling [71-74] and the pattern
formation under noise and EMR is discussed in the neural networks in absence of synaptic connections. Considering
the inner diversity of neurons and radiation emitted from more sources, spatial EMR is applied to investigate the wave
propagation and pattern stability. The scientific contribution of this work can be summarized as follows. Based on a
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memristive neuron including the electromagnetic induction effect, field coupling is activated without direct synaptic
coupling for discerning the synchronization approach and pattern formation in the memristive network. In particular,
EMR with non-uniform spatial distribution is considered by imposing spatial disturbance on the magnetic flux variable
for each neuron in the network, and diversity of induction current can further induce the diversity in excitability and
changes in firing modes. This scheme is useful to discern the neural activities in realistic biological media and nervous
system including cardiac tissue under inhomogeneous electromagnetic radiation [75]. It also explains why neurons can
present coexistent multiple firing modes in the electric activities because of diversity in excitability and some intrinsic
parameters.

2. Model and scheme

As is known, continuous pumping and stochastic diffusion of intracellular and extracellular ions can induce electro-
magnetic field in cells. On the other hand, external electromagnetic field has distinct impact on the distribution of inner
field of the cell due to uncertain polarization and magnetization. The involvement of magnetic flux can well estimate the
effect of magnetic field on the membrane potential of neuron. Firstly, magnetic flux variable and memristive term for
induction current [36,37] are introduced into the Hindmarsh-Rose neuron and a memristive neuron model is obtained
to describe the effect of electromagnetic induction and EMR on neuron and neural networks [76].
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where the variables (x, y, z, ¢) denote the membrane potential, recovery variable for slow current, adaption current,
and magnetic flux, respectively. Iy represents external electric stimulus and it can be adjusted to trigger different firing
patterns in the neuron. The normalized parameters (a, b, ¢, d, 1, s) are the same as the original Hindmarsh-Rose neuron, the
coefficient k; for the memristive term (induction current) is relative to the intrinsic property of the media and the intensity
of induction current across the cell membrane is controlled by the gain k;. Considering the magnetic field effect in the
cell, an equivalent induction coil with N turns is suggested to estimate the magnetic field as 1/N = k, and so equivalent
neural circuits can be designed to reproduce similar dynamical property in biological neurons. Therefore, an equivalent
capacitor is often introduced into neural circuit for discerning the capacitance of cell membrane. Considering the stochastic
diffusion of ions in the direction, the coefficient k, is introduced to estimate the appositive diffusion of magnetic flux
and leakage. The memristive term W(¢)x calculates the current in the memristive synapse/channel with memductance
W(p) =dq(e)/de = a+3B¢?, (a, B) are normalized parameters for the memristive channel, good explanation can found in
Refs. [77,78]. When neurons are exposed to external electromagnetic field, the propagation and diffusion of intracellular
ions will be changed greatly because of magnetization and driving/blocking from electric field. Therefore, the magnetic flux
across the cell membrane will be changed and then ¢y, is often applied with different forms to match with low-frequency,
high-frequency and stochastic radiation on the neuron and neural networks.

For a chain neural network clustered with N neurons under field coupling without synaptic connection, the magnetic
flux is affected by the other N — 1 neurons and then the induction current for each neuron shows certain diversity.
Indeed, the spatial induction currents induce diversity in the excitability, and wave fronts are induced for stochastic
collision and interaction, which symmetric breaking can occur for developing specific regular patterns in the neural
network. Furthermore, the involvement of additive noise £(t) can estimate the effect of stochastic fluctuation of electric
field on the membrane potential of neurons, and continuous exposure to EMR (@) also regulates the firing modes in
neurons. Considering the inner diversity in neurons, external EMR often induces spatial diversity on the magnetic field
and induction current, therefore, ¢,y can be selected with spatial form for discerning the non-uniform EMR on neural
networks. The neural activities in a chain network under field coupling [74] in presence of additive noise and EMR can
be described by
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The subscripts/superscripts (i, j) represents the node position of the network, and the third term in the right side of
the four formula describes the superposition of magnetic field on the ith neuron. The EMR (¢.y; ) is selected as spatial form
given in gaéxt = Acos(wt+i*)), A is a constant relative to the intrinsic property of the media and the intrinsic parameters (A,
w) can be adjusted to describe the EMR on the neuron. &£(t) represent noise. For estimating the synchronization stability
and formation of spatial patterns, a statistical synchronization factor R for a chain network is defined according to the
mean field theory as follows [36]

14 F2) — (F)?
-1 in; _ { ) ( ) : (3)
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For a chain network composed of N neurons, the noise intensity and EMR can be regulated to control the collective
neural activities. When all neurons become synchronous firing completely, the network becomes homogeneous and no
pattern is developed because of perfect synchronization with higher value in the synchronization factor R. On the other
hand, distinct spatial patterns can be developed when synchronization is corrupted with lower value for R.

For neural network in two-dimensional space on a lattice, the collective firing patterns under field coupling can be
controlled by noise and EMR as well, and the dynamics can be calculated by [76]
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Similar to the case for chain network, all neurons are connected via field coupling and synaptic connections are
removed. The subscripts/superscripts (ij, mn) mark the node position for neurons, and spatial patterns will be dependent
on the EMR(¢2,, ), external stimuli and stochastic excitation on the membrane potentials. The spatial radiation ¢_,, on each
node is different when the node position (ij) is changed. Similar definition for synchronization factor R [72] on lattice is
defined as follows

N
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Within certain transient period, a higher value for R indicates that perfect synchronization is obtained and formation of
regular patterns is suppressed. A lower value for R is helpful to develop regular patterns in the neural network. The symbol
<*> means an average estimation of variables within finite transient period or running times for numerical calculation. In
addition, the EMR on neurons in the square array is updated as gq, = Acos(wt + i*A; + j*A2), A1, A, are constants. The
additive Gaussian white noise with zero average value and its statistical property is estimated by < £(t)&(t')> = 2D58(t —t’),
D is the noise intensity and §(*) represents Dirac-§ function.

On the other hand, the memristive current considers the consumption and storage of field energy when memristive
channel is involved to estimate the effect of electromagnetic induction. The energy in the memristive channel is estimated
by [79]
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The first term in Eq. (6) discerns the consumption of Joule heat and the second term estimates the energy savage of
magnetic field in the memristive channel developed from magnetic flux-controlled memristor. In presence of stochastic
disturbance as noisy driving, distinct regularity can be induced and detected in the sampled time series for membrane
potentials by taming the noise intensity. In practical way, statistical functions including signal-to-noise ratio (SNR) and
coefficient variability (CV) of ISI series are often calculated for predicting the occurrence of nonlinear resonance [80-82].
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Fig. 1. Bifurcation of ISI for membrane potential x vs. parameters A, w, A. For (a) ® = 0.1, A = 0.2; (b) A=2.1, A =0.2; (c) A= 2.1, v = 0.1.
Setting parameters I = I = 4.0, « = 0.4, B = 0.02, k = 0.5, k; = 0.9, k, = 0.4,a=10,b=3.0,c =1.0,d =5.0, r = 0.006, s = 4.0, @ext
= Acos(wt + A), and initial values for variables in single neuron are selected as (0.02, 0.03, 0.01, 0.1).

where S and B represent the values of the output power spectrum density (PSD) at the peak (height of the signal peak)
and the base of the signal feature (the amplitude of the background noise measured at the base of the signal peak),
respectively. Ppe denotes the peak height of power spectrum, Af represents the peak width at half-height and fpeqx
estimates the frequency for peak value in the power spectrum. The value for T discerns its value as interspike interval
(ISI), and appearance of lower value for CV means higher coherence degree in the neural activities under noise.

3. Numerical results and discussion

In this section, reliable algorithm as fourth order Runge-Kutta algorithm is applied to find numerical solutions of the
neuron model and neural network with time step h = 0.01 when no noisy excitation is applied. In presence of noisy
disturbance on the membrane potentials, the neuron model and network may show mode transition in neural activities
but distinct firing patterns are developed as well, the Euler forward algorithm [83] can be effective to obtain reliable
statistical analysis including distribution of SNR, CV and synchronization factors. It is believed that the Langzhiwan method
is suitable for finding numerical solutions of the stochastic dynamical systems. In Refs. [84,85], extensive suggestions
are provided to find exact solutions for stochastic differential equations. In fact, mode selection in neuron models is
mainly controlled by the nonlinear terms including channel currents, and noisy excitation just can optimize and induce
transition of firing modes and then distinct firing patterns are developed. Therefore, stochastic effect is suppressed by
nonlinearity and Euler algorithm and even multi-step (Runge-Kutta like) numerical methods are suitable for the program
implementation because they can be expressed as a sequence of explicit formulas [85]. The parameters for the memristive
neuron model are fixed at (a, b, ¢, d, r, s) = (1.0, 3.0, 1.0, 5.0, 0.006, 4.0) and ¢« = 0.4, 8 = 0.02. For simplicity,
k = 0.5,k; = 0.9, k, = 0.4, k3 = 0.0001, 0.00001, and external stimulus I, = 4.0. No-flux boundary condition is
applied and initials are selected with certain diversity for the neural network. In mathematical definition for continuous
media, du/on = 0 is applied on the boundary of the media. For chain networks, u(N) = u(N+1), u(1) = u(2) can be used to
mimic the setting for no-flux boundary condition in numerical results. The initial values for neurons in the network can
be uniform in which each neuron has the same initials as other neurons. Surely, diversity in the initials can be considered
by selecting random values 0.0~1.0 for each neuron in the network. At first, the bifurcation of ISI (interspike intervals)
for sampled membrane potentials is calculated in Fig. 1 by changing the amplitude, frequency and initial phase in the
radiation ¢!, = Acos(wt+i*A) = Acos(wt+i*A), i = 1, respectively. The parameter A introduces diversity in the initial
phases for different nodes in the neural network. In the following numerical approach, evolution of membrane potentials,
energy and spatial patterns are presented within finite transient period (t = ¢ = 1000 time units).

For a single memristive HR neuron excited by ge = Acos(wt + A), distinct firing mode in the neural activity can be
controlled effectively by taming one of the intrinsic parameters (A, w) for the EMR when the external stimulus is fixed
in Fig. 1. In particular, the neuron prefers to present chaotic patterns at I, = 4.0, and chaotic states keep alive for
different initial phases in the EMR by exploring the phase portraits and confirming positive Lyapunov exponents. For
better showing, the firing patterns and energy growth in an isolated neuron under EMR are calculated in Fig. 2 without
external noise being consideration.

From Fig. 2, it is demonstrated that spiking neuron often keeps higher energy than bursting neurons. In particular,
periodic firing in neuron enables its much higher energy than spiking neuron because of higher regularity in the neural
activities. When membrane potential becomes negative, the energy in the memristive synapse also shows negative value
with time, it means that this memristive channel can absorb external field energy and then energy flow is emitted to
excite the neuron. As is known, neural activities can be controlled by noisy disturbance, and specific noise with moderate
intensity can enhance the regularity and coherence in the electric activities accompanied with stochastic resonance by
discerning the SNR (signal to noise ratio) in Fig. 3.
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Fig. 2. Evolution of membrane potential and energy level in the memristive channel. For (al, a2) A= 0.48, w = 0.1;
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=21, 0=0.1; (a3, a4) A

=2.1, »=0.2; (b3, b4) A

=21, w=0.5;(c3,c3)A

(b1, b2) A= 1.0, w = 0.1; (c1
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=21,

® = 2.0. The rest parameters are set as [ = 4.0, « = 0.4, 8 = 0.02, k = 0.5, ky = 0.9, k; =0.4,a=1.0,b=3.0,c = 1.0, d = 5.0, r = 0.006,
s =4.0, A = 0.02, and the initial values for variables in single neuron are selected as (0.02, 0.03, 0.01, 0.1).
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=01; (c)A= 17, ® = 0.1;
= 2.1, » = 2.0. Setting lexe = 4.0, o = 0.4,

B =0.02, k=05,k =09,k =04,a=1.0,b=3.0,c=1.0,d=5.0,r =0.006, s =4.0, A = 0.02, and the initial values for variables in single
neuron are selected as (0.02, 0.03, 0.01, 0.1).

In presence of EMR with different amplitudes and frequencies, similar stochastic resonance can be induced and
discerned even the noise intensity for peak value for the SNR is different. Peak value is detected in the curve for
SNR, and stochastic resonance occurs in this memristive neuron under EMR. It also indicates that careful setting in
the noise intensity can control the effect of EMR on a single neuron and the distinct firing patterns can be induced
with high regularity under coherence. For discerning the synchronization stability of chain network excited by EMR, the
synchronization factors are estimated in Fig. 4 when EMR is changed in the amplitude and frequency, respectively.

The synchronization factor shows distinct decrease when external EMR is increased in the amplitude. On the other
hand, further increase of the frequency of external EMR also has impact on the synchronization factors in the chain
network, and fast frequency in EMR will induce quick change in induction current and the excitability synchronously.
In fact, when external EMR is enhanced, magnetic flux and corresponding equivalent induction current show more
difference and neurons become more different in induction current. As a result, diversity in excitability is generated and
synchronization approach becomes difficult in the chain network composed of memristive neurons. According to Eq. (2),
the membrane potential for each neuron in the chain network is calculated and the spatial distribution at any times is
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Fig. 5. Development of spatial pattern is plotted at different amplitudes A for go};x[ = Acos(wt + i*A) in chain network composed of 100 neurons.
For (a) A = 0.01; (b) A =0.2; (c) A= 1.4; (d) A = 1.8. Setting loxx = 4.0, « = 0.4, § = 0.02, k = 0.5, k; = 0.9, k, = 0.4, a = 1.0, b = 3.0,
¢=1.0,d=5.0,r =0.006, s = 4.0, k3 = 0.0001, » = 0.02, and the initial values for variables in single neuron are selected as (0.02, 0.03, 0.01, 0.1).
Snapshots are plotted in color scale and the spatial patterns discern the distribution of membrane potentials for neurons.

plotted to show the coherence under EMR. In Fig. 5, the wave propagation in the chain network is explored by applying
EMR with different amplitudes.

With the increase of amplitude in the EMR, spatial induction currents are enhanced in the diversity of induction
currents for all memristive neurons, and synchronization stability under field coupling is corrupted completely. As a
result, spatial patterns become irregular and wave propagation becomes uncertain in the network. In addition, external
noise is applied to predict whether spatial regularity can be induced to aid the wave propagation in the network, and
synchronization factors are obtained in Fig. 6 by applying membrane noise with different intensities.

In presence of EMR, the involvement of noise on the cell membrane can decrease the synchronization factors and
synchronization is destroyed in the chain network. It means that additive noise on the membrane potential is helpful
for wave propagation along the chain network. Therefore, the spatial patterns for membrane potentials are calculated to
discern whether wave propagation can be controlled by noise in Fig. 7.

Wave fronts are induced while no regular wave propagation is continued along the chain network even the noisy
disturbance on membrane potential is further increased. That is, continuous collision between these wave fronts can be
helpful to excite all the neurons but no regular wave profiles can be developed in presence of noise. We also explored the
similar case on wave propagation and patterns formation in neural network on a lattice under field coupling accompanied
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Fig. 6. Distribution of synchronization factors R is estimated by changing noise intensity D. Setting A = 0.01, @ = 0.1, Iexy = 4.0, « = 0.4, 8 = 0.02,
k=05 ki =09k, =04,a=10,b=30,¢c=1.0,d=5.0r =0.006, s=4.0, ks =0.0001, A1=0.02, and initials of each neuron in the chain
network are selected as (0.02, 0.03, 0.01, 0.1).
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Fig. 7. Development of spatial pattern is plotted under different noise intensities D. For (a) D = 0.1; (b) D = 0.4; (c) D = 0.8; (d) D = 1.3. Setting
A =001 0 =0.1, Iy =40, =04, 8 =0.02, k =05,k =09,k =04,a=1.0,b=3.0,c=1.0,d=5.0, r =0.006, s = 4.0, ks = 0.0001,
A = 0.02, and initials of each neuron in the chain network are selected as (0.02, 0.03, 0.01, 0.1). Snapshots are plotted in color scale and the spatial
patterns discern the distribution of membrane potentials for neurons.

with EMR, and the synchronization factors for the two-dimensional neural network are obtained in Fig. 8 by taming the
external EMR in the intensity and phase, respectively.

Similar to the case for chain network composed of memristive neurons, the synchronization factors are lessened when
EMR is increased in the amplitude or angular frequency. For better showing, the formation of spatial patterns is also
explored in Fig. 9.

Most area of the network shows homogeneous state and the spatial patterns show distinct symmetry with further
increase of the amplitude of external EMR. That is, horizontal and vertical disturbance from EMR can enhance the
synchronization degree and more memristive neurons become synchronous in absence of noise. Furthermore, the
synchronization stability is explored in presence of noise by estimating the synchronization factors in Fig. 10.

When noisy disturbance applied on membrane potential is activated, synchronization degree is decreased under higher
noise intensity. For better illumination, the formation of spatial patterns in the lattice under noise is plotted in Fig. 11.
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Fig. 8. Distribution of synchronization factors R is estimated by changing the amplitude A or w frequency in rpg;(t = Acos(wt + i*Aq + j*Ay). For
(a) w = 0.1; (b) A = 2.1. Setting lex = 4.0, « = 0.4, B = 0.02, k=05, k; =0.9, k; =04,a=1.0,b=3.0,c=10,d=5.0,r =0.006, s = 4.0, k3 = 0.00001,
A1 = Ay=XA = 0.02, and initials of each neuron in the 2D regular network are selected as (0.02, 0.03, 0.01, 0.1).
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Fig. 9. Developed spatial patterns in the neural network on lattice at t = 1000 time units by applying different amplitudes A for
@oe = Acos(wt + i*A; + j*A). For (a) A = 0.01; (b) A = 02; (c) A= 1.1; (d) A = 16. Setting Iexx = 4.0, @ = 04, B = 0.02, k = 0.5, k; = 0.9,
ky =04, a=1.0,b=3.0,c =1.0,d = 5.0, r = 0.006, s = 4.0, k3 = 0.00001, A; = A, = A = 0.02, and initials of each neuron in the 2D regular network
are selected as (0.02, 0.03, 0.01, 0.1). Snapshots are plotted in color scale and the spatial patterns discern the distribution of membrane potentials
for neurons.

The results in Fig. 11 are consistent with the results in Fig. 10, and synchronization degree is suppressed to develop
possible spatial patterns under noise. The neural network shows spatiotemporal chaos and regular patterns are corrupted
under noise accompanied by spatial EMR. It is interesting to discuss the case that EMR is not symmetrical along the
horizontal and vertical direction (A17X;). In Fig. 12, the synchronization factors are calculated under non-uniform EMR
and transition of spatial patterns are plotted as well.

The synchronization factor becomes to present a lower value when EMR is increased the amplitude, the spatial patterns
show distinct symmetry when the EMR is applied asymmetrically. Finally, external noise is imposed with different
intensities, and the selection of spatial patterns accompanying with changes in synchronization factors is plotted in Fig. 13.

Indeed, the regular spatial patterns are corrupted when noise is imposed on the neural network and the synchroniza-
tion factors show distinct decrease with further increasing the noise intensity. From dynamical viewpoint, the involvement
of spatial disturbance from non-uniform EMR just introduces spatial-dependent excitation on the neural network, and its
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Fig. 10. Distribution of synchronization factors R is estimated by changing noise intensity D. Setting A = 0.01, ® = 0.1, lexy = 4.0, « = 0.4, 8 = 0.02,
k=0.5k =09, k;=04,a=10,b=3.0,c=1.0,d=5.0,r =0.006, s = 4.0, k3 = 0.00001, A; = A, = 0.2, and initials of each neuron in the

2D regular network are selected as (0.02, 0.03, 0.01, 0.1).
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Fig. 11. Developed spatial patterns are plotted at t = 1000 time units in presence of noise. For noise intensity (a) D = 0.01; (b) D = 0.05;

(c) D=10.1; (d) D=10.7; (e) D = 1.2; (fiD = 2.0. Setting A = 0.01, ® = 0.1, Iexy = 4.0, « = 0.4, $ = 0.02, k = 0.5,

ki =09, k, =04,a=1.0,

b=3.0¢c=1.0,d=5.0r =0.006, s = 4.0, ks = 0.00001, A.; = A, = 0.2, and initials of each neuron in the lattice are selected as (0.02, 0.03,

0.01, 0.1).

dynamic(sj can be approached by using similar stochastic network under field coupling as follows

d_tl =Yi — 0% + bx} — zi + low — ks W (gi)xi + &(t);
d .
% =c—dx —yi:
dZi
; i ris(x; + 1.56) — z];
doi -
E = kx; — kagi — k3 Z(%’ - ¢i);
j=1
i

(8a)

The last term in the fourth formula activates exchange of magnetic flux and field coupling becomes active in the
networks. As a result, each neuron will receive memristive current (induction current) with diversity, and the effect
stochastic diffusion of magnetic field will change the induction current, so the membrane potential is excited with noisy
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Fig. 12. Developed spatial patterns are plotted at T = 1000 time units by changing the amplitude A for (pg;(t = Acos(wt + i*A1 + j*A3). For (a) A = 0.01;
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in the 2D regular network are selected as (0.02, 0.03, 0.01, 0.1).
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Fig. 13. Developed spatial patterns in presence of non-uniform EMR are plotted at r = 1000 time units by changing the noise intensity D. For (a)
D = 0.01; (b) D = 0.1; (c) D = 0.8; (d) D = 1.2; (e) distribution for synchronization factors R vs. noise intensity D. Setting A = 0.01, = 0.1,
Iext = 4.0, =04, 8 =0.02, k=0.5,k; =09, k; =0.4,a=1.0,b=3.0,c =1.0,d = 5.0, r = 0.006, s = 4.0, k3 = 0.00001, A; = 0.2, A, = 0.02,

and initials of each neuron in the 2D regular network are selected as (0.02, 0.03, 0.01, 0.1).

excitation.
X
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1 5 = s+ 1.56) = zil; ”

doi Y
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n=1 m=1
neAj m,

That is, the spatial disturbance from EMR can be approached by applying equivalent spatial correlated noise on the
membrane potentials of neurons. The noise disturbance on each neuron is different and it is dependent on the biophysical

11

40



Y. Guo, Y. Xie and J. Ma Physica A 626 (2023) 129120

property of each neuron in the network under field coupling. In absence of noisy disturbance, it can be considered as the
similar case under uniform EMR. In feasible way, the energy for each neuron can be estimated. Considered the recent
work about energy in Hindmarsh-Rose (HR) neuron [86], additive energy in memristive synapse shown in Eq. (6), and
then the total energy in the memristive HR neuron can be obtained by

H= 1[zdx3 +rsx2 4+ (y — 2] + llqaxgo + §k1,8x¢3; 9)
23 2 2

For the neural network under field coupling, energy is kept in each neuron of the network. Any external EMR or
disturbance on the membrane potential will change the energy distribution in the network, as a result, energy flow is
guided to control the collective behaviors of the neurons under field coupling. By imposing different forms for EMR, the
distribution of energy in the neural network can be calculated in numerical way and the pattern formation of membrane
potentials can be understood because different energy levels support different firing patterns in the neurons. Readers can
extend this study in more memristive neural networks by calculating the energy distribution under noisy and EMR, and
similar discussion can be applied for discerning the wave stability in cardiac tissue by detecting the spiral waves or Turing
patterns.

Above all, we discussed the pattern formation and synchronization approach in neural networks composed of
memristive neurons under field coupling and EMR. The involvement of spatial EMR introduces spatial diversity in
induction currents, and excitability diversity occurs for exciting neurons in presenting different firing modes. Additive
noisy disturbance on the membrane potentials of memristive neurons enhances the diversity of excitability and then
these neurons are excited under field coupling. The activation of spatial EMR induces continuous polarization and mag-
netization in these neurons of the network accompanied by energy exchange and propagation, and the synchronization
approach and formation of regular patterns become difficult because of distinct diversity in the induction current and
excitability. Indeed, the creation of synapses connection and further growth of synaptic coupling can be effective to reach
synchronization and energy balance.

As mentioned in the recent works [54-57,87,88], distinct energy diversity is helpful to create synapse connection for
reaching local energy balance because these flexible synapses can be guided to build bridge connections to neurons for
exchanging energy quickly. In fact, field coupling is enhanced when more biological neurons are clustered in a functional
region and energy diversity is decreased. Therefore, adaptive creation of synapse connection and growth of synaptic
coupling will be blocked. In presence of spatial EMR and noisy disturbance, local energy balance occurs accompanying
with local homogeneous state in the neural network. By further increasing the noise intensity, these memristive neurons
become different in the excitability and firing patterns, complete synchronization is blocked and local energy balance
is reached to prevent the activation of synapses to neurons in the network. That is, appropriate spatial EMR is helpful
to prevent the occurrence of bursting synchronization and seizure in the neural network because synaptic function is
suppressed under field coupling.

4. Conclusions

In this work, memristive neurons are regulated in the collective behaviors of networks under field coupling rather
than creating any synaptic connections. The isolated memristive neuron can present stochastic resonance under noise
and EMR. The effect of electromagnetic induction can be discerned in the local kinetics of a memristive neuron, and
the interaction between neurons without synapses coupling is estimated by field coupling, which controls the magnetic
flux on each neuron. Considering the intrinsic diversity between these memristive neurons, external spatial EMR will
induce non-uniform regulation on the magnetic flux and induction current on each neuron. Therefore, spatial EMR is
applied to investigate the pattern stability and synchronization degree in the neural network. It is confirmed that the
local spatial patterns can be developed and further noisy driving on the membrane potential can break spatial regularity
in the network. The activation of field coupling among more neurons in the network can be helpful to suppress the
energy diversity and then the growth of synaptic coupling is suppressed due to local energy balance. Furthermore,
these memristive neurons show distinct diversity in excitability accompanied with slight difference in energy and local
energy balance is stabilized. Therefore, synchronization approach becomes difficult and bursting synchronization will be
prevented effectively. These results predict that appropriate spatial EMR is helpful to control neural activities and prevent
the occurrence of seizure in nervous system.

In the present work, no synaptic connections are considered in the neural network and local kinetics considers
no ion channel noise. According to our recent works, synaptic connection can be created during the field coupling
because of local energy diversity, therefore, some neurons in the network can also be connected via electric, chemical or
memristive synapses under energy flow. In the forthcoming works, the researchers can consider the creation of synapse
connection under field coupling when energy flow is propagated under non-uniform radiation. The scheme can also be
considered in the biological neuron models containing ion channels, and then the effect of channel noise can be considered
synchronously. The suggestions are helpful to know the potential mechanism for developing heterogeneity in the neural
networks.
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ABSTRACT

The membrane potential of a neuron is mainly controlled by the gradient distribution of electromagnetic field and concentration diversity
between intracellular and extracellular ions. Without considering the thickness and material property, the electric characteristic of cell mem-
brane is described by a capacitive variable and output voltage in an equivalent neural circuit. The flexible property of cell membrane enables
controllability of endomembrane and outer membrane, and the capacitive properties and gradient field can be approached by double mem-
branes connected by a memristor in an equivalent neural circuit. In this work, two capacitors connected by a memristor are used to mimic
the physical property of two-layer membranes, and an inductive channel is added to the neural circuit. A biophysical neuron is obtained and
the energy characteristic, dynamics, self-adaption is discussed, respectively. Coherence resonance and mode selection in adaptive way are
detected under noisy excitation. The distribution of average energy function is effective to predict the appearance of coherence resonance.
An adaptive law is proposed to control the capacitive parameters, and the controllability of cell membrane under external stimulus can be
explained in theoretical way. The neuron with memristive membranes explains the self-adaptive mechanism of parameter changes and mode
transition from energy viewpoint.

Published under an exclusive license by AIP Publishing. https://doi.org/10.1063/5.0170121

The cell membrane is located on the surface of the cell, with
a thickness of usually 7-8 nm, and is composed of lipids and
proteins. Its most important characteristic is semipermeability,
also known as selective permeability, which has strong selec-
tive permeability for substances entering and exiting cells. The
electrophysiological environment inside and outside of the cell

the energy diversity for capacitive field is adjusted with the change
of membrane parameter ratio.

I. INTRODUCTION

$0:GS'L L €202 18quisdeq €1

membrane is different, two capacitive terms are effective to mimic
the physical energy characteristic, and exact description of con-
trollability and flexibility in the cell membrane needs controllable
physical definition and description. A memristive connection to
two-layer cell membranes is suggested, and its equivalent circuit
combination is expressed by connecting two capacitors via mem-
ristor in the equivalent neural circuits. Shape deformation of cell
membrane and external energy injection will regulate the capaci-
tive parameter under energy flow, and then suitable firing modes
are induced under external stimulus. From physical viewpoint,

Biological neurons show distinct controllability and the mode
selection in the firing patterns is induced under external stimuli
and noisy disturbance.' When electric stimuli and physical field
are applied, the media suffers from continuous polarization and
magnetization because of energy injection. As a result, the injected
energy flow is shunted into different ion channels for regulating
energy balance®™"” and local synchronization stability between adja-
cent neurons. For a single neuron, continuous energy injection
and larger stimulus may induce local shape deformation and some
intrinsic parameters are forced with possible shift accompanying
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Chaos

with synchronous mode transition in the electric activities and firing
patterns.'' For two identical neurons, diversity in energy can induce
adaptive parameter jump, and desynchronization'” appears to keep
energy balance between two non-identical neurons. For more neu-
rons, non-uniform energy distribution can induce formation of local
defects or heterogeneity for keeping local energy balance in the
neural network."*"

In fact, membrane potential is a detectable variable and the
sampled time series are often obtained for further signal analysis
due to the application of patch clamp technology. Based on elec-
tromagnetic field theory, the membrane potential depends on the
distribution of electromagnetic field in a neuron can be calculated
theoretically and in experimental way. The effect of external field"”
on neural activities can be recognized by using nonlinear analysis.
Most of the generic neuron models contain variables for membrane
potential, slow variable for channel current or gate variable, and
external stimuli are mapped into an equivalent transmembrane cur-
rent imposed on the cell membrane. In fact, biological neurons are
considered as artificial signal processors, therefore, a variety of elec-
tric components are connected to build different neural circuits,"*
which can produce similar firing patterns observed in the biologi-
cal neurons, and, thus, more physical effect can be considered and
explained. The physical basis is that the inner electromagnetic field
in the biological neurons can be reproduced in the capacitive and
inductive components; therefore, equivalent neural circuits can be
designed to mimic the neural activates in neurons.

Biological neurons can perceive external signals synchronously
and an isolated neuron prefers to trigger suitable firing patterns
induced by external stimulus with higher energy density.”>** For
more neurons in a network, multi-channel stimuli will be per-
ceived by different neurons and the collective responses in electrical
activities will depend on the cooperation and self-organization of
neurons, and coexistence of multiple firing modes can be devel-
oped in the network by creating different spatial patterns.”~* The
energy characteristic of biological neurons can be expressed and
discussed in some equivalent neural circuits by combining a few
specific electronic components including memristor,”~** Joseph-
son junction,* piezoelectric device,’** and phototube’ = into the
branch circuits of some nonlinear circuits. In particular, memristor-
based artificial synapse’’™** can quantify the electromagnetic effect
induced by continuous diffusion of intracellular ions, and the con-
trollability of synapses in neurons can be realized in practice. Dis-
tinct spatial patterns and chimera states can be developed in these
memristive networks~*’ and external noisy disturbance can control
these patterns and synchronization stability. The main characteristic
of memristive synapse can be its biophysical property for repro-
ducing similar functional regulation as chemical synapse,”’~** and
external field is applied to control the firing modes in electrical activ-
ities. Based on some generic neuron models, bifurcation analysis™*~’
and pattern selection can provide possible clues to explain the poten-
tial mechanism for seizure occurrence,”~** and then reliable schemes
can be used to suppress the occurrence of some neural disease. For
more comments on neurodynamics, readers can refer to the recent
review in 2023.°

For simplicity, a variety of nonlinear oscillators and nonlin-
ear circuits are tamed to produce similar firing patterns as those
observed in biological neurons by generating spiking, bursting, and
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even chaotic patterns. Furthermore, specific terms such as mem-
ristive function are used to describe the physical effect during
release of action potential in the excitable media. Bifurcation anal-
ysis and Lyapunov exponents provide easy way for detecting the
transition between chaos and periodic oscillation. As claimed in
2016,% introducing memristive current and magnetic flux variable
can describe the effect of electromagnetic induction and radiation
in a neuron. Furthermore, more researchers designed different neu-
ral circuits to mimic the nonlinear response in physical neurons and
some memristive neurons are guided to develop collective cooper-
ation and spatial patterns under field coupling. The involvement
of memristor into nonlinear circuits can induce multistability and
coexistence of chaos. However, most of the works about mem-
ristive circuits®*’’ keep eyes on the regulation from memristive
current across the additive channel composed of memristor. The
most important application of memristor into artificial neural cir-
cuits is relative to morphological calculation and setting reliable
signal processors with distinct self-adaption. In fact, a single neuron
can process finite information and understanding the cooperation
between neurons requires investigation on collective behaviors in
neural networks, and synchronization stability. Pattern formation
shows the cooperation and self-organization in the network, and
it can be affected by the interaction and self-adaptive property in
the neurons and synaptic channels completely.”'~”* In presence of
noisy excitation, appropriate intensity can induce nonlinear reso-
nance including stochastic resonance and coherence resonance’”
in the media, and regular oscillation can be detected in the variables.
The field distribution inner and outer of the cell/neuron is
different, and two capacitive variables are useful to describe the
physical characteristics of cell membrane, which is considered as
two-layer form. That is, the cell membrane with certain thickness
can also be considered with double layers, and the filler materials
are considered as a kind of memristor. The memristive membrane
can regulate the energy diversity between in and out of the neu-
ron/media in adaptive way. Furthermore, this neuron with mem-
ristive membrane can be mimicked by an equivalent circuit. In this
paper, two capacitors are connected via a magnetic flux-controlled
memristor for mimicking a flexible two-layer membrane of a bio-
physical neuron; inductor and nonlinear resistor are combined to
build a feasible neural circuit considering the electromagnetic induc-
tion effect. Intrinsic energy function for the neural circuit is defined
and its equivalent Hamilton energy for the neuron is obtained in
theoretical way. The energy function can affect the firing mode and
patterns, and noisy disturbance is applied to detect the occurrence
of coherence resonance in the neuron. In particular, the adaptive
mechanism for parameter shift is explained under energy flow.

Il. MODEL AND SCHEME

Cell membrane has two sides and its field properties can be
described by capacitive terms. Its flexibility means that the con-
nection between capacitors is controllable in the neural circuit.
Therefore, a memristor is used to connect two capacitors and the
effect of channel current is described by adding an inductor in paral-
lel with the capacitors. Furthermore, a nonlinear resistor with cubic
relation for the channel current and voltage are used to regulate the
energy exchange between magnetic field and electric field in Fig. 1.
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FIG. 1. Schematic diagram for a neural circuit with memristive connection and memristive membrane. Iy, denotes the channel current across the memristor, and iy estimates
the current along the nonlinear resistor NR. Double arrows indicate the exchange and propagation of intracellular and extracellular ions, the filler material between two-layer

membranes has similar property in memristor.

Based on Kirchhoff's theorem, the correlation between the
physical variables is expressed by

dav,
C dtCl = M(p)(Ver — Vo) — ings

ave, .
G at = M(p)(Vcr — Vo) + i,
L4 v ki

dt - C2 1L (1)
d d
2= Vo — Ve s M(p) = M = a+ 3bg?,
dt d

1 1V3,

INR = C1 3 V% >

where the physical parameters (Cy, C,, L, a, b, V;, p) are selected
with suitable values, and this neural circuit can be adjusted for pre-
senting similar bursting, spiking, and even chaotic patterns. These
physical variables are replaced with dimensionless variables under
scale transformation,”®

VCI VCZ le ’ % t
= y=—z=—, ¢ = S T=—,
Vo Vo Vo PG Vo pC @)
G P2C2 PRC,
o= b=y =T A =an b =3b0'GV;

The dynamics of this memristive neuron with two capacitive
terms/double membranes is described by

dx / 772 13
g_a[(a +bo )(y—x)+x—3x:|,

dy / ;12

Z =(@+Ve*)x—y+z

dt (3)
dz 8

== _By—yz

do'
dr

y—X

The appearance of memristive term introduces more adjustable
parameters into the biophysical neuron model, and the normalized
parameters (a’, b’) are relative to the property of cell membrane.
Continuous diffusion and exchange of intracellular and extracel-
lular ions induce time-varying electromagnetic field accompanying
with certain distribution of field energy, and the inner energy in the
memristive neural circuit is estimated by

1 2 1 2 L, 1o,
WE = _ECIVCI + ECZVCZ + ELIL + ELMIM

1 1 1 1,,, ..,
=C2V§[—5x2+zﬁ+ﬁzz+5(w +b<p3)(y—>c)].
(4)

The energy is kept in the media (neuron) by introducing elec-
tromagnetic field. For neural circuits, energy is saved in these electric
components, while resistor just consumes Joule heat and the injected
energy from external stimuli will be shunted and saved in differ-
ent forms. The physical field energy is replaced by an equivalent
Hamilton energy H as follows

Wi 1 1 1 1 )
= TV(% = —Exz+zy2+ ﬁzz-i- 3 (a/go/+b/(p3)(y—x).
)

The normalized parameters (a, V', «, B, y) are mapped from
the physical parameters for the capacitors, inductor, and memris-
tor, and any changes of these dimensionless parameters have direct
impact on the energy level and then mode transition in neural activ-
ities is also switched effectively. It is important for neurons to select
some firing patterns rather than keeping silent or resting states.
Therefore, the energy function in Eq. (5) can be considered as a reli-
able Lyapunov function, and the neuron terminates its firing states
at dH/dt <0. When one or more parameters are changed, mode
transition and stability in the neuron will be switched, and this con-
firmation can be solved in numerical way by fixing some parameters.
On the other hand, Jacobi matrix for Eq. (3) can also be obtained by

$0:GS'L L €202 18quisdeq €1

Chaos 33, 113106 (2023); doi: 10.1063/5.0170121 33, 113106-3

Published under an exclusive license by AIP Publishing

48


https://pubs.aip.org/aip/cha

Chaos

using stability analysis, and then the firing stability of the neuron
can be carried out. Furthermore, the energy function in Eq. (5) can
be obtained and confirmed by using the Helmholtz theorem,'>*"**
detailed proof can refer to the Appendix,

X = E.(X) + Fy(x), VH'F.(X) = 0, dH/dt = VH"F;(X),
(6)

X = {x5,x,...%,}.

Realistic neurons can perceive external signals and appropri-
ate noise intensity enhances the signal detection under stochastic
resonance in noisy condition. Electric stimulus shows distinct pen-
etrability and energy is injected to change the distribution and
propagation of intracellular ions. That is, these stimuli will be con-
verted into equivalent transmembrane current and then the mem-
brane potential is changed synchronously. A generic neuron model
can present distinct mode transition from spiking to bursting and
even chaotic patterns when the parameters or external stimulus
is changed, respectively. In particular, noisy excitation can induce
coherence resonance in the neuron, and the dependence of coef-
ficient variability (CV) of ISI series on noise intensity is often

3 . . .

(©) 60 . . . .

40t

-60 - . - -

0 0.2 0.4 0.6 0.8 1

a
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calculated to predict the occurrence of coherence,

2)—(1?

cv= % <T>) ; @)
where T measures value for each ISTand (x) detects the average value
within a running time or transient period. A lowest value for CV
means that the sampled time series for membrane potential show
distinct periodicity under moderate noise intensity. When additive
noise is imposed on the formula for membrane potential, it means
that noisy electric field has important impact on the neural activities.
On the other hand, it means that the noisy magnetic field with fluc-
tuation controls the neural activities when additive noise is imposed
on the formula for the channel current or recovery variable. The
mainly energy in the neuron is kept in the form of magnetic field
and electric field, and similar energy function in Eq. (5) is obtained
for the neuron driven by external physical signals even in pres-
ence of noisy disturbance. Indeed, the average value for the energy
function (H) is effective to predict the appearance of coherence res-
onance when external noise or radiation is adjusted. The membrane
potential will present perfect periodicity and the (H) reaches a high-
est value when the neuron is driven by noise. In the presence of
noisy disturbance, the electric activities of the memristive neuron

$0:GS'L L €202 18quisdeq €1

FIG. 2. Bifurcation of ISI (interspike interval) of membrane potentials and average energy. (a) and (c) « < 1, periodic stimulus controls first variable and (b) and (d) & > 1,
periodic stimulus regulates the second variable.
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in Eq. (3) can be expressed by

dx 1

E =« |:(a/ —+ b/w,z) ()’—x) +x— 5x{| s

d

d—y =(a+b¢”)(x—y) +z+E&(),

p ®
e —By—vz+i(1),

d ’

% =y—x+n(7).

The last term for the second, third, and fourth formula in
Eq. (8) can be considered as Gaussian white noise, and the statistical
properties with intensity D are defined by

(@) =0, (E(1)&(9)) =2Ds(r — ),
(£(@) =0, (L()5(s) =2Ds(T — ), )
(™) =0, (@) =2Dé(t — 3).

From physical viewpoint, external noisy disturbance also
changes the energy flow in the neural circuits and biological neu-
rons. When the energy flow is beyond threshold, local shape defor-

mation is induced in the cell and some intrinsic parameters can
show possible jumps. For a capacitive neuron, shape deformation of

(a)2.s

2

1.5
|

= 1

pubs.aip.org/aip/cha

cell membrane can control the parameter @ when the electric field
energy is beyond certain threshold as follows:

da
— =0 -a-U(Hg —N),
dr
9((P)=1,P>0,0(P)=0, P <0, (10)
He = L)
Q= 2}/,

where A measures the energy threshold and o denotes the gain for
increasing parameter «. The outer membrane often holds higher
capacitance vale than the inner membrane and shape deformation
due to energy injection and accommodation will adjust the parame-
ter « effectively. On the other hand, the energy Hc; can also be used
to adjust the growth of the parameter « or one memristive parame-
ter for the double membranes of the neuron, and suitable threshold
in the Heaviside function in Eq. (10) can be selected to express the
self-adaptive growth of intrinsic parameters under energy flow.

11l. NUMERICAL RESULTS AND DISCUSSION

A fourth order Runge-Kutta algorithm can be applied
to detect numerical solutions for the memristive oscillator in
Egs. (3) and (8) under Gaussian white noise. For simplicity, the
parameters are fixed at ' =0.07, ¥ =0.03, §=0.01, y =0.01,

(b) 25

[}
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T
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FIG. 3. Membrane potential at < 1 under periodic stimulus. For (a) @ = 0.2; (b) & = 0.35; (c) « = 0.4; and (d) « = 0.98.
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u; = Acos(2m fr) = co0s(0.27 7), and the membrane parameter « can
be adjust to trigger different firing patterns in the neural activities.
The initial values for the four variables are selected with (0.1, 0.2, 0.3,
and 0.1). Surely, these intrinsic parameters can also be selected with
another group of values and similar bifurcation analysis can be car-
ried out. In Fig. 2, the peak values for the membrane potential and
average Hamilton energy are calculated to predict mode transition
when parameter « is adjusted carefully.

From Fig. 2, the increase of the average energy level is crucial
to keep continuous firing activities. In case of « < 1, the Hamil-
ton energy prefers to keep negative value and energy flow mainly
pumps into the inner cell membrane by capturing energy from
external periodic stimulus. According to the definition for the capac-
itive ratio « = C,/C;, the value for « describes the physical property
of the memristive membrane because outer membrane has higher
capacitance value than inner membrane. The outer and inner cell
membranes are connected by a kind of memristive media, and the
ratio for o can switch the definition of outer membrane and inner
membrane. For o <1, capacitor C; behaves similar outer mem-
brane and these channels pumps extracellular ions into the inner
membrane. For o > 1, C, behaves similar outer membrane and C,
behaves as inner membrane to pump intracellular ions out. In fact,
the energy level becomes positive at o > 1 and external stimulus
applied on the outer membrane is effective to excite the memristive

(a) 80

60

0 100 200 ‘r 300 400 500

0 100 200 300 400 500
T

(b) s0

pubs.aip.org/aip/cha

neuron for presenting different firing modes. In Fig. 3, the firing
patterns are plotted for @ < 1, and transition in the energy level is
plotted in Fig. 4 when external forcing is imposed to excite the first
variable x.

The firing patterns are affected by the energy level of the
memristive neuron, and changes of parameter « will induce mode
transition for keeping suitable energy level in the neuron. We also
investigate the case for o > 1 and periodic signal is applied to con-
trol the second variable, and evolution of firing patterns is plotted in
Fig. 5.

The value for parameter « is further increased; the bursting
neuron will be regulated to present chaotic series because of con-
tinuous periodic exciting on the membrane potential. In addition,
energy transition is plotted in Fig. 6.

The energy for the memristive neuron presents chaotic charac-
teristic when the neural activities are discerned with chaotic behav-
iors. Both noisy disturbance and periodic stimulus can regulate the
energy level and energy shunting between capacitive and induc-
tive forms because external excitation can inject energy flow into
the media. To discern the self-regulation in the neuron, bifurcation
parameter « is adjusted to predict the energy level without applying
noise and periodic forcing on neuron, and the average energy is cal-
culated in Fig. 7 by showing the evolution of membrane potential as
well.

40

30

0 100 200 . 300 400 500

5 . .
0 100 200 300 400 500
T
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FIG. 4. Hamilton energy at & < 1 under periodic stimulus. (a) &« =0.2; (b) « = 0.35; (¢) « = 0.4; and (d) & = 0.98.
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FIG. 5. Membrane potential at > 1 under periodic stimulus. For (a) « = 1; (b) = 2; (¢) « = 3; and (d) « = 6.

Without external exciting and disturbance, the neuron presents
distinct periodic patterns and the average energy level is also
increased slightly by applying larger parameter «, and the neuron
fires with shorter period in electric activities. For a generic neuron
model, additive noise can induce coherence resonance. For sim-
plicity, only Gaussian white noise is considered in Eq. (8) and no
periodic stimulus is applied to estimate the distribution of CV and
average Hamilton energy. The parameters are used for the mem-
ristive neuron, which can also present spiking, bursting, chaotic
patterns when parameter « is changed in Fig. 8.

Indeed, both external periodic forcing and noisy disturbance
have direct impact on the mode transition of neural activities
because external energy flow can break the energy balance between
capacitive and inductive channels. As shown in Eq. (8), when noisy
disturbance is applied on different channels/variables, energy flow
is shunted with different ways and the energy flow is controlled to
keep suitable energy level. To predict the emergence of coherence
resonance, distribution for CV values is calculated when noise is
imposed on channel shown in Eq. (8). In Fig. 9, noisy disturbance
is applied to regulate the variable y.

The CV value decreases with time while the average energy
keeps further increase with time, it means large noise intensity will
be helpful to induce distinct periodic patterns, and regularity is
enhanced under higher energy level. For example, CV gets lowest

value 0.0967 and average energy reaches highest value 0.0017 at
noise intensity D = 1.8, and it means this neuron presents distinct
regularity in electric activities because of coherence resonance under
this noise intensity. In fact, the outer membrane captures energy
flow under noisy disturbance when electric field is fluctuated with
time (capacitor C, is excited by external forcing). The same noisy
disturbance is applied to excite memristive channel under noisy
electric field, and the transition of CV and average energy are plotted
in Fig. 10.

Similar to the case presented in Fig. 9, the average energy is
kept with lower value, and the memristive neuron will keep chaotic
patterns when stochastic electric field is applied to affect the mem-
ristive channel. At noise intensity D = 1.95, coherence resonance is
induced with lowest CV value 0.3764 and highest average energy
level 0.2246, the neuron is excited to present periodic firing pat-
terns. Noisy exciting is also imposed to regulate the fourth variable
in Eq. (8), it can mimic the effect of noisy radiation on the neural cir-
cuit due to fluctuation of magnetic field, and the results are shown
in Fig. 11.

Distinct peak (1.5484) is found in the curve for average energy
when noise intensity is tamed carefully, and CV also finds lowest
value at 0.0062 synchronously at noise intensity D= 1.4, it means
that this neuron is guided to keep regularity in the electric activities
under coherence resonance. That is, noisy disturbance from external
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FIG. 6. Hamilton energy at o > 1 under periodic stimulus. (a) & = 1; (b) @ =2; (c) « = 3; and (d) & = 6.

field has different impacts on the membrane potential, channel cur-
rents, and then the mode transition and occurrence of coherence
resonance will be induced with different noise intensities.

External energy injection due to electric stimulus and electro-
magnetic radiation, shape deformation of media and components
will change some intrinsic parameters. The parameter « suffers from
certain jump and shift when energy flow is accumulated beyond
the capacitive ability. According to Eq. (10), parameter shift is
controlled by the energy threshold A, and continuous increase of
parameter « is controlled with a Heaviside function. In Fig. 12,
different thresholds for A are applied to predict the mode transi-
tion and changes of the ratio for two capacitive comments « with
time.

With higher energy threshold, the membrane ratio can increase
to be close saturation value and chaotic patterns can be suppressed to
present bursting patterns. As a result, capacitive energy for the outer
membrane can keep higher energy value and the electric activities
for inner membrane can be controlled by the energy flow. The effect
of gain o is considered in Fig. 13.

It is found that higher gain for o can be effective to suppress
chaotic states and the membrane ratio parameter « will increase to
certain saturation value within finite transient period, and the neu-
ron will present periodic firing patterns. By the way, similar adaptive
growth of membrane ratio is considered when external noise is

added to affect the outer membrane (output voltage on capacitor
C,), and the changes of CV values are calculated in Fig. 14.

The involvement of noise on outer cell membrane can induce
similar coherence resonance and distinct bottom values are detected.
Make a contrast with the results in Fig. 13 with Fig. 9, the curve for
CV values is changed but the threshold of noise for developing dis-
tinct regularity in electric activities under noise is decreased. In fact,
the membrane ratio parameter o begins its growth from a larger
value, and it is helpful to keep against external noisy disturbance
because of its capacitive energy level keeps high value. In addition,
the bursting and chaotic neurons are able to develop regular firing
patterns with lower noise intensity under coherence resonance.

In this memristive neuron considering double membranes and
biophysical properties are much dependent on the membrane ratio
a. In fact, at o > 1, the variable y is suitable to describe the char-
acteristic of outer membrane and ion channels have direct impact
on the electric activities of inner membrane described by variable x.
On the other hand, in case of « < 1, variable x describes the charac-
teristic of outer membrane and channel ions are embedded into the
outer membrane rather than into the inner membrane described by
y. Therefore, noisy disturbance on the mode transition and energy
level are relative to the selection of membrane ratio o because the
regulation and energy shunting in the ion channels have different
scales of impact on the membrane potentials.
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FIG. 7. Dependence of average energy on membrane ratio « and firing patterns. (b) & = 0.5; (¢) & = 0.78; and (d) o« = 8.

IV. OPEN PROBLEMS

Each ion channel has certain reverse potential, and external
stimulus can break the balance to activate exchange between intra-
cellular and extracellular ions. To implement an equivalent neural
circuit, constant voltage connected in the branch circuits will be
mapped into constant parameter in the improved neuron models.
As shown in Fig. 1(a), two different constant voltage sources E; and
E, can be connected to the inductor and nonlinear resistor, respec-
tively. By using the same reference voltage, the memristive neuron is
updated as follows:

1
%=a|:(a/+b'§0,2)()’—x)+x—§x3],
d
—y=(a’+b’<p’2)(x—y)—|—z,
dt

(11)

%——ﬂ —yz+d
dr ~ ant ’
dﬁﬂ,_ e d_EuOZCz_ E,
a V70 T vy TPy

That is, the involvement of constant voltage in the branch cir-
cuit composed of NR seldom changes the circuit equations directly.
By the way, noisy disturbance and external stimuli can be applied to

explore the mode transition and jump between energy levels, readers
can further discuss this case and dynamics in networks.

In a summary, a simple memristor is used to connect two
capacitors for regulating energy balance, and inductive channel can
shunt the field energy. The Chua circuit also has two capacitors, and
the connection to memristor in additive branch circuits can regu-
late the dynamics of the memristive Chua systems.”’~*' In this work,
memristor is used to regulate the energy difference between inner
and outer fields separated by two membranes, and the filler media
between two-layer membranes is considered with memristor prop-
erty. Therefore, the memristive membrane is suitable to mimic the
flexibility and controllability of cell membrane for biological neu-
rons. In the recent work,” a linear resistor is used to couple two
capacitors in a memristive circuit, and a memristive neuron with
two capacitive membranes is suggested. The membrane property is
described by resistive form, which two capacitors are connected via
a resistor, and the energy diversity between inner membrane and
outer membrane is controlled by Joule Heat across the resistor. This
work is some different from the model in Ref. 82, which double
membranes are connected with resistive channel, and an adaptive
law is presented to explain the regulation of energy level on the
capacitive property. In addition, a smooth function is applied for
the nonlinear resistor and its intrinsic parameters are used as ref-
erence values during scale transition. In practical way, external field
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has direct impact on the membrane potential and continuous energy
accommodation will induce parameter shift because of local shape
deformation in non-uniform radiation or stimuli. From dynamical
viewpoint, this memristive neuron can be more suitable to produce
the biophysical property of biological neurons, and it can be used to
build neural networks considering the self-organization under exter-
nal electromagnetic radiation and noisy disturbance. This neuron
model is much different from most of the neuron models with only
one capacitive variable, and it provides good clues to design artificial
membrane and understand the application of memristor in neural
circuits.

The most contribution of this work is that memristor is used
to mimic the controllability of cell membrane with two capacitive
variables, while most of the previous works confirmed that mem-
ristors in different forms of memductance are effective to describe
the effect of ion channels. In particular, the involvement of mem-
ristors into nonlinear circuits can induce multistability, and these
memristive circuits are useful in neuromorphic computing.*~*

V. CONCLUSIONS

Bi-directional propagation and exchange of ions and stochas-
tic diffusion of intracellular ions induce complex electromagnetic
field in the media and then membrane potential is regulated syn-
chronously to present suitable firing modes and keep appropriate
energy level. Each coin (or membrane) has two sides, the physical
characteristic of cell membrane is considered as double-layer forms
because the inside and outside electrophysiological environment of
cells is much different. Considering the controllability and flexi-
bility of cell membrane, the inner media of the cell membrane is
assumed with memristive property. To mimic its characteristic in
neural circuit, a memristor is used to connect two different capac-
itors, and the outputs are used to describe the membrane potential
for the two-layer membranes, respectively. Accompanying with the
C-M-C (capacitor-memristor—capacitor), an inductor, nonlinear
resistor are used build a physical neural circuit. The neuron model
with memristive cell membrane can mimic the biophysical proper-
ties of biological neurons, and energy function is defined to discern
the dependence of firing mode on the energy level. Coherence reso-
nance is induced under noisy disturbance on the neuron. Indeed, a

mode transition results from the large energy accommodation from
external stimuli, and adaptive parameter growth is induced to keep
certain energy level and firing patterns. This biophysical neuron is
suitable to explore the self-organization and energy balance in neu-
ral networks, and appropriate regulation of capacitive parameter is
effective to control the energy flow and firing patterns.
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APPENDIX: VECTOR FORM FOR NEURON MODEL
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According to the criterion in Eq. (6), the same energy function in Eq. (5) is obtained by using Helmholtz theorem, and similar approach
of energy function for other models can refer to Refs. 8, 11, and 82.
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Abstract During the release and propagation of
intracellular and extracellular ions, electromagnetic
field is induced accompanying with propagation of
energy flow. The firing mode is dependent on the
energy level, and external energy injection will induce
distinct mode transition. Exact energy function for a
neuron developed from a neural circuit can be
obtained directly by applying scale transformation
for the physical field energy. For generic neuron
models, dimensionless Hamilton energy function can
be obtained by using Helmholtz theorem, and this
energy function can be considered as a specific
Lyapunov function. In this review, approach of energy
function for memristive neuron is discussed by
designing equivalent neural circuit coupled by two
kinds of memristors, which are dependent on the
magnetic flux and charge flux, respectively. A
scheme is suggested to get equivalent energy function
for memristive neuron in the form of map by
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introducing a scale parameter. The memristive map
reduced from the memristive neuron can produce
similar attractors and firing modes under applying the
same parameters, and the average Hamilton energy for
the map neuron is decreased because of regulation
from the scale parameter. On the other hand, a
memristive map is replaced by an equivalent memris-
tive oscillator for finding an equivalent Hamilton
energy function according to the Helmholtz theorem.
The energy scheme can be helpful for further inves-
tigating energy property of artificial neurons, maps
and discrete memristors. It also provides evidence that
maps are more suitable for investigating neural
activities than neuron oscillators.

Keywords Hamilton energy - Memristive neuron -
Neural circuit - Memristor

1 Introduction

The occurrence of chaos and chaos in nonlinear
circuits depends on the involvement of electric
components, and one nonlinear component with
nonlinear relation between voltage and channel cur-
rent is required at least. When these circuits are
activated, capacitive energy is shunted to inductive
channels and memristive channels based on memris-
tors [1-5]. A simple nonlinear circuit requires the
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combination and connection to capacitor, inductor,
negative resistor and even external signal source, and
appropriate setting in parameters will develop chaos in
these nonlinear circuits [6—10]. In particular, some
nonlinear circuits can be tamed and improved to
present bursting, spiking patterns, and neural circuits
are obtained to propose equivalent neuron models.
Indeed, piezoelectric ceramic [11], Josephson junction
[12, 13], photocell [14, 15], thermistor [16, 17],
memristor can be connected to some neural circuits for
building reliable neural circuits for further considering
the physical effect during activating neural activities
in biophysical neurons[18-22].

From physical aspect, energy is exchanged and
propagated when biological neurons present different
firing modes and patterns. For nonlinear circuits,
continuous oscillation needs stable energy supply and
shunting between different electric components. The
physical energy in nonlinear circuits can be obtained
by considering the energy in the capacitive, inductive
and memristive channels, and then the physical field
energy can be converted into equivalent dimensionless
energy function [23-25] by applying scale transfor-
mation on the variables and parameters in the field
energy function. On the other hand, suitable Hamilton
energy function can be confirmed in a nonlinear
oscillator by using Helmholtz theorem [26-28].
However, it keeps open for discrete systems and maps
to get energy function, and the involvement of discrete
memristor makes the question become more interest-
ing and worthy of investigation.

In this review, based on a memristive map [29, 30],
a scheme is used to estimate the energy function in
theoretical way. A scale parameter is introduced to
build a equivalent continuous dynamical system for
getting the Hamilton energy function and then the
value for the scale parameter is confirmed by bifur-
cation analysis, which the memristive map has the
same maximal value or phase space with the memris-
tive oscillator. This scheme can be further used to
calculate energy for more maps and energy level will
be switched to control the chaos in maps.

2 Energy in nonlinear circuit and continuous
oscillator

Quiescent biological neurons develop static distribu-
tion of electric field, and the membrane potential keeps
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certain constants for keeping propagation balance of
intracellular and extracellular ions. In presence of
external stimulus beyond the threshold, certain firing
mode is triggered to present continuous firing patterns
accompanying with jumping between energy levels.
That is, distinct physical effect becomes distinct and it
can be reproduced in some equivalent neural circuits
by considering the main physical properties. The
capacitive energy can be described by the capacitors
and charge-controlled memristor [31-34], the induc-
tive energy can be mimicked by inductors and
magnetic-flux dependent memristor [35-38], nonlin-
ear resistor in parallel with the inductive channel can
be used to bridge connection to the magnetic field and
electric field. In addition, involvement of constant
voltage sources into the inductive channel or memris-
tive channel is suitable to represent the resting
potentials of ion channels. Biological neurons can
induce electrical field and magnetic field, and ion
channels are important for exchange and propagation
of ions including calcium, potassium and sodium.
Therefore, a capacitor and its output voltage are used
to mimic the electric field and membrane potential,
inductor and its channel current can describe the
magnetic field and the transmembrane current. Addi-
tive memristors are used to estimate the physical field
effect and special property of ion channels, such as
detecting external field and self-adaption and control-
lability. In Fig. 1, a simple neural circuit is built by
connecting one capacitor, two different kinds of
memristors, one nonlinear resistor with cubic relation
between channel current and across voltage, and

Fig. 1 Memristive neural circuit coupled by memristors. C, L,
M, M,, and NR describe capacitor, inductor, magnetic flux-
dependent memristor, charge-controlled memristor, nonlinear
resistor, respectively. Constant E denotes reverse potential, iy
represents external forcing current, the output voltage for
capacitor is v
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external stimulus can be time-varying or sampled from
specific signal source within specific frequency band.

In Fig. 1, three different constant voltage sources
are introduced to mimic the effect of reverse voltage in
these ion channels. The involvement of NR is used to
describe the nonlinear relation of energy flow between
capacitive and inductive field. The channel current
across the two memristors and nonlinear resistor is
respectively estimated,

, 1 v 1y
INN=——\V—Zs—5—= — |3
M 2Vy 3VZ)

b1 = 1(W(<P>E<V)— E\) = (a+3bg?)(v—Er); (1)
=g~ ()l - Ea);

im2
where the physical parameters (p, Vy), (a, b), (c, d) are
relative to the material properties of the NR, M, and
M,, respectively. The parameters (p, V) can be
discerned from the i-v (current and voltage across the
nonlinear resistor) curve when the nonlinear resistor is
connected to a simple circuit. ¢ and g describe the
magnetic flux and charges across the two kinds of
memristors. v and i; measure the voltage across the
capacitor and channel current across the inductor.
Furthermore, the field energy in each electric compo-
nent, and the total energy function are respectively
calculated by

1 1
2Cv *ELzL,
1 1 . 1 5
Wy = 2LM’M1 Z‘PlMI :E(a+3b(ﬂ )v —Ei)g;
1 1 1
Wi = 2CMsz Fvm =5 (v = E2)g;
1 1 1 1
W—EC +§Lii+§(d+3b(,02)(V*E1)§0+§(V*E2)q;

(2)

An equivalent Hamilton energy function H in
dimensionless form can be obtained by

w 1 1 1 1

H=—03= c L 3bp*)(v — E —(v—E
o= v 1O+ 5+ 5a+ e = Eo + 50 2|
w 1 1

1 1
:Wozfxz+ﬂy +§(’1/+b/22)(x—€1>2+§(x—€2)w;

(3)

As a result, any changes of the variables and
memristive parameters will trigger shift of energy
level, and energy is shunted between capacitive,
inductive and memristive types. The normalized
parameters and dimensionless variables for physical
variables and intrinsic parameters are defined by

V()’y V07 ,DCV()7 CV()7 ,DC7
2c R
O(:pTaéz_a
p L@

d = pa,b =3bp>C*V§, Wy = CV}, e = v

0
E, E,
e 37 =
1 Vo 2 Vo

According to Eq. (3), the neuron shows jump
between energy levels when the electric activities
are switched from periodical, spiking, bursting to
chaotic patterns. The memristive oscillator regulates
its energy value close to certain energy level in
presenting sole firing mode. In presence of multiple
firing modes, energy level is switched with time.
External stimulus can inject energy flux and external
electromagnetic field can change the energy shunting
between the capacitive and inductive channels, and it
explains the mode transition in excitable media under
continuous polarization and magnetization.

The circuit equation for Fig. 1 can be obtained as
follows

dv
dt
dlL
Ld_ =v+ FE — Ri;
! (5)
do B
—_— =y — .
dl 1,
dq
\ dt

Indeed, the dynamics of the neuron with double
memristive channels can be described by equivalent
and dimensionless form as follows

=1y — 1L — Im1 — IM2 — INR;

=iy2 = (c +dq’)(v — E»);

d
d—j:ig—y—(aw—b'zz)(x—el)
1 1
— (' +d'w)(x — e2) —|—x—§x2 —§x3
d
dﬁ o(x — &y +e);
%—x—e'
dT_ 15
dw
W (¢t dw) - o)

(6)

By applying and taming the normalized parameters
and external forcing current, the firing mode and
patterns in the memristive oscillator in Eq. (6) can be
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controlled effectively. From Eq. (5) to Eq. (6), scale
transformation Eq. (4) is required, and additive scale
transformation is used as follows

/ Pls

E
i , &= —, ¢ = pe, d = pdC*V§;

Vo
(7)

The neural circuit contains magnetic field and
electric field energy, and its dynamics can be replaced
by equivalent vector form. According to the Helm-
holtz theorem [39, 40], the solution for the Hamilton
energy H of generic nonlinear oscillator in vector form
and its derivative of time meets the criterion as follows

dx
2= Fe (X) + Fd(X), X CRY
VHTF.(X) =

)=

VHTF, (X

(8)

The physical field is composed of gradient term
F4(X) and curl field term F.(X), which corresponds to
the electric field in the capacitor and magnetic field in
inductor of nonlinear circuit, respectively. By the way,
the memristive system in Eq. (6) is updated for getting
suitable Hamilton energy function, see appendix. An
identical energy function as the form in Eq. (3) can be
obtained to confirm the reliability of this scheme. The
memristive oscillator in Eq. (6) can be approached by
discrete form with suitable time step, which is
considered as scale parameter ¢, and it is defined by

Xn+l1 = Xn + g[lin —Yn — (al + b/Z,Z,)(xn - 61)
1 1
—( +dwH)(x, — e2) +x, — 2xﬁ — gx,% :
Y1 = Yn + 80(xy — Eyp + €);
in+l1 = Zn + £(xn - 61);
Wit = Wy + &(c’ +d'w?)(x, — e2);

©)

In addition, the energy function in discrete form is
updated as follows

1
Yon + =

1
~(d + b’zﬁ)(xn — e 3

2

(%0 — e2)wn |5

(10)

1 1
=¢|=x’ +—yn

H,
27" 2a

The scale parameter ¢ has similar role as the time
step to discretize memristive oscillator presenting in
differential equations into a simple map, and its value
can be detected by matching the maximal value for
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variable x in Eq. (6) and x, in Eq. (9). That is, all the
corresponding parameters are selected the same value,
and the scale parameter ¢ is changed carefully until the
two systems cover the same region and maximal value
in the phase space. That is, introducing suitable value
for the scale parameter ¢, the memristive oscillator in
Eq. (6) and memristive map in Eq. (9) should have the
same dynamical properties including attractors, attrac-
tion domain, maximal Lyapunov exponent and same
size of phase portrait. When it is considered as a
memristive neuron, both of them can present complete
spiking, bursting and even chaotic patterns. In this
way, the energy function in Eq. (10) with suit-
able value for ¢ can measure the energy level for
memristive neuron in the form of map. In particular,
the memristive map will keep low energy level than
the memristive oscillator because the scale parameter ¢
is often selected with low value (¢ < 1). In practical
way, memristive map requires low energy than
memristive oscillator in signal processing and show-
ing the same dynamical properties. It is important to
clarify the approach of energy for some maps by
developing equivalent oscillator model so that Helm-
holtz theorem can be applied for theoretical analysis
and prediction for the energy function under periodic
stimulus i/ = I, + Acos(w1).

It is interesting to discuss the scheme for energy
approach for Egs. (6) and (9) by setting the same group
of parameters as a=0.01, b=0.01, c=0.01,
d=0.01, e =0.05, ¢, =0.05, e; =0.06, o =1.21;
£=0.15, A =10, I, = 0.9, and same initials setting
are selected for the variables (x, y, z, W) = (X, Y1» Zns
w,) = (0.2, 0.1, 0.01, 0.01). The bifurcation analysis
and average energy are plotted in Fig. 2.

The firing mode, profile of attractors and average
energy of the memristive neuron will be controlled by
external stimulus with changing the angular fre-
quency. To confirm the consistence and similarity of
attractors and firing patterns between the memristive
neuron and map, scale parameter is adjusted to track
the maximal value for membrane potential and
average energy in Fig. 3.

From Fig. 3, the memristive neuron in Eq. (6) can
be reproduced the same firing patterns and attractors in
the memristive map in Eq. (9) by setting suitable value
for scale parameter ¢. The energy level and firing mode
in the neuron in Eq. (6) are dependent on the angular
frequency of external stimulus. From Egs. (3)—(10),
the discrete neuron is endowed with scale parameter ¢,
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Fig. 2 Bifurcation of ISI (interspike interval) from membrane potential, x,,,, = x(max) for maximal value of membrane potential, and
average Hamilton energy < H > with changing frequency w in Eq. (6)

as a result, its average energy < H, > becomes less
than < H > because ¢ < 1. Therefore, it is suitable to
reproduce similar firing patterns and attractors of
nonlinear oscillators in some equivalent maps by
setting appropriate value for the scale parameter when
they are selected with the same parameters. Particu-
larly, the energy level in the equivalent map is
decreased greatly than the memristive oscillator. In a
word, scale parameter can be introduced into the
discrete energy function for the equivalent map
reduced from the memristive oscillator with the same
parameters setting. It is important to calculate the
energy function for a memristive map by developing
similar memristive oscillator, and then the energy
function will be discretized by removing the scale
parameter directly.

3 Energy descriptions in memristive map

From dynamical viewpoint, discrete systems and maps
can be considered as discretized forms for continuous
dynamical systems by applying Euler algorithm
approach with suitable time step. For a generic
dynamical system expressed by differential equations,

( dx
o =f(x,y,2) ;
dy
_ . 11
o g(x,y,2) ; (11)
dz
I (x,9,2)

Its equivalent discrete form is obtained by
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Xnt1 = X + & (Xn, Yy 20)
Ynt1 = Yn + 68(Xn, Yn, Zn) ;
Zn+1 = Zn + €h(Xn, Y, 2n) ;

(12)

where the parameter ¢ denotes the time scale, Eq. (12)
will match with Eq. (11) in dynamical characteristic
by setting suitable values for &. Based on Helmholtz
theorem, the Hamilton energy function for dynamical
systems similar to Eq. (11) can be obtained theoret-
ically. From Eq. (3), the continuous energy function is
dependent on some intrinsic parameters and all the
variables in the memristive system, and any changes in
the firing patterns will induce fluctuations in the
energy levels. For discrete systems, energy function
becomes discrete as well. Indeed, appropriate scale
parameter with time can be applied to convert discrete
systems into equivalent continuous system for obtain-
ing energy function.

1 1
7[xn 1 7xn] = 7[F(xn-,ynvzn) 7xn]
X1 = F(Xn, Yn,20) 5 e &
1 1
Yn+1 = G(memln) 5 = ;b’rﬂrl 7yn] = ;[G(xn:ynuzn) 7)’"}
Zut1 = WX, Y, 2n) 5 1 1
E[ZnJr] - Zn] = E[W(xna)’)hzn) - Zn} 5
dx 1
bt § —
g = Fley.z) =af;
dy 1
=94 —=-|G(x,y,2) =y ;
7= 516,27 =y
dz 1
—=—W(x, -2l
2= s Weoy,2) =

(13)

According to the criterion in Eq. (8), the Hamilton
energy for the discrete system in Eq. (13) can be
expressed in generic form

{

H=H(e, x,y,2) ;

14
Hn:H(xn7yn7Zn) ; ( )
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Fig. 3 Different attractors for the memristive neuron/map in
Egs. (6) and (9) under suitable scale parameter ¢, and the average
energy < H, > and x,(max) in memristive discrete neuron via

For a memristive map developed from Hénon map,

Xpr1 = 1+ by, — axﬁ — (o4 3ﬂ(pﬁ)xn;
Yn+1 = Xn;
Pyl = Qp + Cxp;

(15)

By introducing appropriate scale parameter, it
obtains equivalent memristive oscillator as follows

@ Springer

T
0.25

66

T T T T
0.50 -1.5
& n

scale parameter ¢. For a bursting @ = 0.035, ¢ = 0.104; b spiking
o = 0.53, ¢ = 0.29; ¢ periodic w = 1.0, ¢ = 0.0013; d chaotic
®w=29,=05

d. 1

= [1+by—ad — (a4 1+ 3697)];

dy 1

ay_ 1o\ 16
dt s(x ) 1o
dp ‘e

dt ¢’

From dynamical viewpoint, appropriate setting for
the scale parameter in Eq. (16) will reproduce similar
dynamical characteristic as in Eq. (15) under setting
the same parameters. In practical way, appropriate
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electric components can be combined to reproduce
similar signals in the analog circuit by applying
suitable physical parameters for these potential elec-
tric components. Based on the Helmholtz theorem, the
energy function for Eq. (16) can be defined and
obtained in theoretical way. It can be expressed in the
vector form containing two kinds of physical fields as
follows

by bc )
~2 3
P P Gl I
y | =Fe+Fa=| =—-bpep®
@ boy be
XD 1 o)
€ 2¢

1 b
1426y — ax® = (a4 1+ 3697 )x + > (a4 3f¢")]

1
+ —X+—bﬁ<p3

by

*f**( + Bo?)
1
0 —-b —be\ (X 1
, b+2(w+ﬁ<ﬂ)
N R
X &
bo x
be =X 0 ~
c = 2(oc+3/f(p)
1
A O 0 &b 2—(o¢q>+[3(p)
+1 0o 4n o]|?
&
0 0 A
R )

(17)

The coefficient for the matrix in Eq. (17) is defined
by

L —ax® — (o0 + 1+ 3Pp?)x + & (o + 3fp%)x

?

)

A =
tx+5(ap + po?)
v+ pe =22 pe(ap + Bo?)
Ap =—""; An= 3
y (o0 + 3p¢p?)x

(18)

The solution for Hamilton energy function can be
suggested as follows

1.1

H=—[7x +;y +;(w+ﬂ¢3)ﬂ; (19)

As aresult, the discrete energy function for Eq. (15)
is updated by

Hn :Hl +H2+HM

1 1
+ yn += (OC(/)n + ﬁ(pi)xn; (20)

T2 T2 2
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Compared to Eq. (15), and additive scale parameter ¢
is introduced into Eq. (16), bifurcation analysis can be
applied to detect the region for ¢ when other parameters
are fixed the same setting for the memristive map in
Eq. (15). Three terms including H,, H, and H,,; mark the
capacitive, inductive energy and memristive energy,
respectively. To cover the same phase space, the
parameter ¢ is changed from 0.001 to a finite threshold,
and the maximal value (x,,,) for the variable x is
selected to match the maximal value x,,,(n) and then
the suitable value for parameter ¢ will be confirmed. By
taming the value for the scale parameter ¢, the dynamics
of the memristive map in Eq. (15) will be reproduced by
memristive oscillator in Eq. (16) completely by show-
ing the same attractor, sampled time series, maximal
Lyapunov exponent, size of phase portrait in the phase
space. In simple way, both the continuous and discrete
systems have the same maximal value for the first
variables, and it can be confirmed via bifurcation
analysis with changing the parameter ¢ carefully. As a
result, the energy function in Eq. (19) with exact
parameter ¢ will address the energy property for the
memristive map in Eq. (15) well.

In fact, there are three terms for energy sources kept in
certain channels or components, and the oscillatory state is
dependent on the energy shunting between these channels.
Any changes of parameters in Eq. (15) will modify the
oscillatory mode and the energy level in Eq. (20) will be
adjusted synchronously. As a result, energy ration
between the three terms will be adjusted when oscillation
is changed. The energy ratio is defined in

( 1 2
_H 27"
pr = ﬁ | 1 1 3 ;
" 2b n + yn + E (a(pn + ﬁ(pn)xl‘l
1 2
H2 Eyn
P2 = Fn = 1 2 1 1 R ;
2b Xn + %yn + 5 (O‘@n =+ ﬁ(pn)xn
Hy E(O“Pn + ﬁ@i)xn
p3 = H = 2 1 1 3 )
2b n+2yn+§(a¢n+ﬁ(pn)xn

(21)

In fact, H, and H, can present capacitive and
inductive energy, and the ratio H,:H, is also effective to
predict mode transition in the oscillatory states. Similar
energy proportion P=H,/H, P, = (H,+H\)//H can be

@ Springer



Y. Guo et al.

10 10 8
(@) b (©)
= 5 - x,(max) ®)
S
5 S g
EVE BN el
4 N,
== 07 ~
1000
0-
A
-5 1 T 500
/<Hn>
'10 T T T 0 - T T T -4 T T
-10 -5 0 5 10 0.00730 0.00735 0.00740 -8 -4 0 4
X e x

n

Fig. 4 a Attractor in memristive map in Eq. (15); b average
energy < H > and x,,,, versus with scale parameter ¢&; ¢ chaotic
attractor in Eq. (16) at € = 0.0073. Equations (15) and (16)

defined to estimate the regulation on dynamics from
capacitive and inductive energy, respectively. From the
memristive map in Eq. (15) and memristive oscillator
in Eq. (16), parameters can be adjusted to trigger
periodic or chaotic behaviors. The involvement of scale
parameter into energy function in Eq. (19) can increase
the energy level directly during the conversion from
memristive map to nonlinear oscillator. In Fig. 4,
parameters are selected to develop chaotic attractors in
the memristive map, and the same parameters and
suitable scale parameter are endowed to mimic the
oscillatory characteristic in the memristive map. The
scale parameter is also adjusted to track the evolution
of the average energy and maximal value for the
variable x in the memristive oscillator in Eq. (16) as
well.

Two chaotic rings are formed in the phase space for
the memristive map, while chaotic attractors are
induced in the memristive oscillator in Eq. (16) by
taming the scale parameter €=0.0073. The maximal
value for the memristive map and memristive oscil-
lator has similar oscillation, while their average
energy has distinct diversity because of the involve-
ment of scale parameter. Indeed, the scale parameter is
adjusted carefully but the maximal values still show
some difference even they can present similar oscil-
latory characteristic with time. It indicates that the
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select the same parameters as b = 1.0, a = 0.05, 2 =0, f =0,
¢ = 0.1; initials (x, y, @) = (x,, ¥, @) = (0.02, 0.01, 0.01)

memristive oscillator has no bridge to potential
equivalent nonlinear circuits.

On the other hand, the same parameters setting for
memristive map in Eq. (15) and memristive oscillator
in Eq. (16) can be applied, the scale parameter ¢ can be
adjusted to keep them in same energy level as H=H,,
synchronously even they can present different attrac-
tors and firing patterns. In fact, the weight for each
energy term is crucial for selecting the firing patterns
and mode, and the introduction of scale parameter €
seldom changes the energy proportion among the
capacitive, inductive and memristive energy terms. In
this way, most of the maps can be updated with
equivalent oscillators, which the corresponding
Hamilton energy functions are obtained by using
Helmbholtz theorem, the suitable energy function for
the maps can be obtained by removing the scale
parameters for the Hamilton energy function for the
nonlinear oscillators. In Fig. 5, the scale parameter is
adjusted to keep the memristive map and memristive
oscillator with the same energy level by changing the
scale parameter carefully and parameters for the two
memristive systems are different.

When the memristive map and memristive oscilla-
tor are endowed with different parameters setting,
appropriate selection of scale parameter can ensure
two memristive systems keep the same energy level
and same oscillatory state. In fact, the Hamilton
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Fig. 5 Attractors in Eqgs. (15) and (16) with the same energy c=02 in Eq.(15); b =0.102, a =1.725 o =2.05,

level, average energy < H > and x,,,, versus under different
value for & For a chaotic map, ff=0.002, ¢=0.0204,
p =0.154; b periodic map, f=0.08, &=0.02109,
p =0.154. Setting b=0.1, a=0.62, «=0.1, f=0.01,

energy function is a kind of Lyapunov function and
restricts the cooperation between different variables of
the system. For physical oscillators converted from
nonlinear circuits, the sole Hamilton energy is derived
from the field energy including inductive, capacitive
and memristive components. The weight for each term
of the energy function is decided by the normalized
parameters after scale transformation for all physical
variables and parameters. As a result, these weights
are more important in the energy function than the
scale parameter. From a nonlinear oscillator to a map,
continuous energy function is replaced by discrete
energy function with suitable scale parameter. From a
map to a continuous oscillator, the weight for each
energy term can be confirmed and energy function for
the map has no scale parameter, but the discrete energy
function is helpful to predict the mode transition
accompanying with shift in energy level.

From physical viewpoint, most of the nonlinear
oscillators in mathematical form can be derived from
equivalent circuit equations and mechanical systems.
The activation and exchange of energy flow are
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p =0.154, ¢’ =0.0009 in Eq. (16); same initials (x, y,
@) = Xy, Yno @) =(0.02, 0.01, 0.01). In the figures, x4
= x(max), x,(max) denote the maximal value in the sampled
time series for two memristive systems

dominated by the physical properties of physical
elements, which also govern the nonlinear terms in the
dynamical equations and mathematical models. For
most of the nonlinear circuits, the field energy can be
obtained by summing the energy in each electric
component, and they can be converted into dimen-
sionless energy function after scale transformation.
For generic nonlinear oscillators, the application of
Helmholtz theorem provides help to get the Hamilton
energy function, which is considered as a kind of
Lyapunov function, and specific terms for energy
terms means special electric components should be
used in this circuit. Memristor is a functional electric
competent, and its memristive properties throw lights
for activating self-adaptive property of nonlinear
terms in the physical systems and network, and energy
flow can be controlled in adaptive way in presence of
external field. As a result, the involvement of mem-
ristive term into dynamical systems can explain the
self-controllability and adaption greatly [41-43].
Energy characteristic of nervous and neural circuits
is very important [44], and physical energy in neural
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circuits can be obtained in theoretical way, which
Helmbholtz theorem can confirm its correctness when
the physical energy is converted into dimensionless
Hamilton energy. In experimental way, the transient
performances of the circuit should be considered [45]
in the realization of analog circuits, and so the
reliability of the neural circuits can be verified and
evaluated.

For discrete systems and maps, scale parameter is
introduced to build an equivalent nonlinear oscillator
in the form of ODESs (Ordinary differential equations)
and its energy function also contains the same scale
parameter. Based on the Helmholtz theorem, energy
function for the nonlinear oscillator is obtained and
then it is discretized to denote the energy function
without scale parameter for the map. In the phase
space, the nonlinear oscillator will cover the same
phase size and maximal value as the map when the
scale parameter is adjusted carefully. For some
specific maps defined in mathematical form, there
are some differences in the maximal value for
variables in the map and nonlinear oscillator. Refer-
ring to the energy characteristic of the known electric
components, the generic form of the Hamilton energy
function can be suggested, and scale parameter is
introduced to confirm its exact value when the
nonlinear oscillator model matches with the map in
phase space completely. The scheme can be further
used to explore the formation of defects and hetero-
geneity [46, 47] in discrete networks when energy
function for each node is estimated exactly.

For obtaining exact energy function for generic
maps, equivalent nonlinear oscillators can be designed
by defining appropriate transformation for the param-
eters and discrete variables as follows.

dy
Xnt1 :f(-xnaﬂ') = E :f(yap)7 y= {)’lv)’2> AR PR }7
A= Mp, h), x4y = xy(Yu, h,p); or
p=p(4, h), yo = yu(xy, h, 2); h is time step
(22)

where the map and continuous oscillator has the
same local kinetics but the parameters and variables
have certain relevance, that is, the parameter p differs
from A for presenting the same dyanmics. For
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example, the Logistic map can be described by a
Logistic oscillator by using the transformation in
Eq. (22) [48].

4 Conclusions

In this work, field energy for a memristor-coupled
circuit is defined and its equivalent dimensionless
Hamilton energy for the memristive oscillator is
obtained by applying scale transformation. The
approach of energy function is also confirmed by
using Helmholtz theorem. The memristive oscillator is
reduced into discrete map and its equivalent energy
form is obtained by setting suitable scale parameter.
Keeping the same dynamical characteristics, memris-
tive map shows lower energy level than the memris-
tive oscillator. In addition, a memristive map
developed from Hénon map added with memristive
term is integrated into equivalent continuous oscillator
by introducing suitable scale parameter, and its energy
function is approached in theoretical way. Further-
more, discrete energy function is confirmed to
describe the energy characteristic of the memristive
Hénon map. This scheme can be further used to
estimate the energy function for other discrete systems
even discrete memristor is coupled. That is, maps are
updated with equivalent nonlinear oscillators for
getting theoretical energy function with scale param-
eter, and the generic energy function for the map can
be obtained by removing the scale parameter for the
energy function of its equivalent nonlinear oscillator.
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ARTICLE INFO ABSTRACT

Nervous system has distinct anisotropy and some intrinsic biophysical properties enable neurons present
various firing modes in neural activities. In presence of realistic electromagnetic fields, non-uniform radiation
activates these neurons with energy diversity. By using a feasible model, energy function is obtained to predict
the growth of synaptic connections of these neurons. Distribution of average value of the Hamilton energy
function vs. intensity of noisy disturbance can predict the occurrence of coherence resonance, which the neural
activities show high regularity by applying noisy disturbance with moderate intensity. From physical viewpoint,
the average energy value has similar role average power for the neuron. Non-uniform spatial disturbance is
applied and energy is injected into the neural network, statistical synchronization factor is calculated to predict
the network synchronization stability and wave propagation. The intensity for field coupling is adaptively
controlled by energy diversity between adjacent neurons. Local energy balance will terminate further growth of
the coupling intensity; otherwise, heterogeneity is formed in the network due to energy diversity. Furthermore,
memristive channel current is introduced into the neuron model for perceiving the effect of electromagnetic
induction and radiation, and a memristive neuron is obtained. The circuit implement of memristive circuit
depends on the connection to a magnetic flux-controlled memristor into the mentioned neural circuit in an
additive branch circuit. The connection and activation of this memristive neural network are controlled under
external spatial electromagnetic radiation by capturing enough field energy. Continuous energy collection
and exchange generate energy diversity and synaptic connection is created to regulate the synchronous firing
patterns and energy balance.

Keywords:

Coherence resonance
Neural circuit
Hamilton energy
Synaptic growth
Energy balance

membranes can be similar to an ideal capacitor, and the propagation
of ions along the channels embedded into the cell membrane is the

1. Introduction

Neural activities require continuous energy supply and mode transi-
tion in neurons means switch in energy levels. Biological neurons have
certain diversity in the excitability and they can present different firing
patterns under external excitations. The collective electrical behaviors
of nervous system can be expressed by using neural networks applying
with different biophysical settings. Gradient stimuli can inject different
energy flow into the neurons, and wave propagation is activated to keep
local energy balance between adjacent neurons. The synaptic intensity
is controlled by the energy diversity between adjacent neurons, and
they can reach high synchronization level by increasing the coupling
intensity adaptively. Biological neurons have distinct biophysical char-
acteristics and their electrical activities can be reproduced by some
equivalent neural circuits, which can be further developed to obtain
reliable neuron models (Druckmann et al., 2011; Kepecs & Wang, 2000;
Lengler, Jug, & Steger, 2013; Lim et al., 2015; Pakdaman, Tanabe,
& Shimokawa, 2001). The physical property of inner and outer cell
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same as channel current across an induction coil. The intracellular ions
can generate electric field and any pumping of these ions and channel
current can induce magnetic field. Therefore, energy between mag-
netic field and electric field is converted bidirectionally and nonlinear
relation enables its nonlinear oscillation in the membrane potentials.
In practical way, a generic simple RLC (nonlinear resistor, inductor,
and capacitor) circuit can be built and adjusted to reproduce similar
firing patterns as biological neurons. The circuit equations and field
energy can be described by equivalent theoretical models (Aberra,
Peterchev, & Grill, 2018; Gerstner & Naud, 2009; Herz et al., 2006;
Kafraj, Parastesh, & Jafari, 2020; Van Geit, De Schutter, & Achard,
2008) and Hamilton energy functions (Njitacke et al., 2022, 2021;
Wang et al., 2017; Yang et al., 2021; Zhang et al., 2023), respectively.

In fact, biological neurons have developed different biophysical
functions for perceiving a variety of external signals. For example,
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visual neurons (Butts, 2019; Gabbiani et al., 2002; Wang et al., 2018)
can encode external lights into electric signals and its equivalent circuit
realization accounts for photoelectric conversion via phototube or pho-
tocell (Hussain et al., 2021; Xie et al., 2021). Auditory neurons (Cao,
Gu, & Ma, 2022; Cao, Gu, & Wang, 2022; Demanez & Demanez,
2003) can discern voice by converting sounds and mechanical vibra-
tion into electric signals and its effective acoustoelectric conversion
resembles activation of piezoelectric elements (Guo et al., 2021; Wang
et al.,, 2021) connecting to a neural circuit. Realistic neurons and
artificial neurons can be capable for perceiving more physical signals
including electromagnetic field and keeping silence to some signals via
wave filleting. In particular, electromagnetic induction and radiation
(EMIR) in neurons should be estimated and clarified in theoretical
way. That is, combination of suitable electric components including
memristor (Babacan, Kacar, & Giirkan, 2016; Lin et al., 2020; Tan &
Wang, 2020; Yi et al., 2018) and Josephson junction (Dana, Sengupta,
& Hu, 2006; Foka et al., 2021) can build some functional circuits and
then they are mapped into equivalent biophysical neurons (Clark et al.,
2022; Gjorgjieva, Drion, & Marder, 2016; Mondal et al., 2019; Yu,
Sejnowski, & Cauwenberghs, 2011) to discuss the physical effects on
neural activities in possible way. In general way, bifurcation analysis
and nonlinear resonance can be analyzed within these mathematical
or biophysical neurons, and these oscillator-like neurons can also be
connected in different networks for developing spatial patterns, and
multiple firing modes are induced under noise (Bao et al., 2022; Wo-
jewoda et al.,, 2021; Yuan et al.,, 2022). When the local kinetics is
described the same neuron, the competition between identical neurons
and controllability in coupling channels (synaptic connections) are
crucial for taming the pattern formation. When the clustered neurons
from different community networks are connected and controlled, the
cooperation between neurons from different functional regions (Yao &
Wang, 2021, 2022) can be investigated.

Noisy disturbances on the neurons can be described by imposing
suitable excitations including noise on the membrane potential or
magnetic flux variables. The activation of biological neurons needs
enough metabolizable energy, from physical viewpoint, the capacitive
and inductive energy are very important for supporting continuous
neural activities during the diffusion and propagation of intracellular
and extracellular ions. When a biophysical neuron is mimicked by an
equivalent neural circuit, the energy function for the neuron can be
mapped from the field energy for the neural circuit. Similar coherence
resonance can be found, and the average energy can discern the occur-
rence of coherence resonance in the neuron under noise. By applying
suitable stimulus, logistic and chaotic resonance can be induced in
most of the neuron models (Yao et al., 2021; Yu et al., 2023). The
appearance of spiral wave, Turing patterns in the neural networks and
excitable media shows adaptive self-organization of cells (Chen et al.,
2018, 2019; Ding et al., 2023; Hu et al., 2023). The formation of
spatial patterns are controlled by the distribution of energy levels of
neurons, adaptive local energy balance via synaptic coupling or field
coupling is helpful to develop special patterns when energy flow is
propagated in the neural network. From physical viewpoint, energy
level in each neuron controls the network patterns by adjusting the
coupling intensity adaptively. Any external energy injection can change
the energy level to keep energy balance with adjacent neurons.

Electromagnetic radiation and external stimuli can inject energy
into the nervous system and the neural activities are regulated under
polarization and magnetization (Lu, Yi, & Liu, 2022). Therefore, control
of energy flow is effective to control the firing patterns in neurons and
networks (Zhang et al., 2021), for example, changes of energy level in
neurons account for adaptive parameter shift and energy diversity sup-
ports desynchronization between neurons (Hou, Zhou, Ren, et al., 2023;
Wu, Guo, & Ma, 2023; Xie, Xu, & Ma, 2023; Yang, Xu, & Ma, 2023).
Inspired by the specific physical property of memristors, memristive
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term and magnetic flux variable are introduced to describe the effect
of electromagnetic induction on a neuron, and the memristive neuron
is suitable for detecting electromagnetic radiation and energy function
is defined to explain the self-adaption of field coupling under energy
flow. In this paper, we will consider the cooperation and competition
in a neural network exposed to non-uniform electromagnetic radiation;
synaptic coupling is activated between neurons without considering
electromagnetic induction the coupling intensity is increased before
reaching local energy balance between neurons. Furthermore, a mem-
ristive neuron is suggested and used to explore the pattern formation
and synchronization by activating field coupling in an adaptive way,
the energy function is also calculated and the energy diversity between
adjacent neurons controls the adaptive growth of coupling intensity.

2. Model and scheme

The main biophysical property in a biological neuron can be repro-
duced in a simple neural circuit by incorporating appropriate electric
components. A capacitor can describe the capacitance property of cell
intima and outer membrane, an inductor can represent the inductance
property of ion channel, and a constant voltage into a branch circuit
connected with inductor denotes the property of reverse potential. In
particular, nonlinear resistor bridges nonlinear relation between the
magnetic field and electric field energy. As a result, spiking, bursting
and even chaotic firing patterns can be generated in most of the
nonlinear circuits. Furthermore, the components such as memristor,
thermistor, piezoelectric ceramics, phototube and Josephson junction
are connected to optimize the physical function of the neural circuits
and the distinct self-adaption can be explained and understood. In the
recent work, a similar Hindmarsh-Rose (HR) neuron model is suggested
and its potential physical property is clarified (Xie, Yao, Ren, et al,
2023). The simple neuron composing two variables is described by

%:)‘c:—w—ax3+bx2+lex,; o
%=w=—5+dx2+rs(x—/l)—rw;

where the variables (x, w) represent the membrane potential and chan-
nel current, respectively. I,,, denotes equivalent transmembrane cur-
rent, A estimates the resting potential for ion channel, and (a, b, c,r, 5)
are normalized parameters. For a two-variable neuron, periodic form
for I,,, = Acos(wr) can be applied to induce mode transition and
present chaotic patterns by taming the amplitude or angular frequency.
It shows some difference from the previous HR family because a
voltage-controlled electric component (VCEC) is used to control the
channel current. The current across the nonlinear resistor (NR), VCEC
and constant voltage in the neural circuit is defined as follows

—__d p2.
Vi = rSVOV ’
- £ .
E=-Vo+ iV 2)
i __l(M_ﬂ)-
NR= 75 TR

where p and V}, are intrinsic parameters in N R passing with channel
current iyg, V and V), represent output voltage for the capacitor
and VCEC, respectively. When these ions are diffused in neuron or
pumped across the cell membrane for a biological neuron, the energy
in the neuron is exchanged and distribution of electromagnetic field is
regulated. Therefore, the energy level accounts for the mode selection
in neural activities. By applying the Helmholtz theorem (Kobe, 1986),
the energy function H satisfies the following criterion

VHTF.(X)=0;
= VHT Fy(X); ©)

dX
= = F.(X) + Fy(X), X C RV;
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The neuron model in Eq. (1) can be presented in a vector form

. 3 2
X —w—ax’ +bx"+1,,
= =F. +F
< w ) ( —c+dx2 —rw+rs(x— 1) et la
o —w—dx? N —ax® + (b+ d)x* + I,
- rsx + 2dxw dx% —rsh—c—rw—2dxw

(0 -1 2dxw + rsx “
“\1 0 w+ dx?

—ax3 2

zatbrd ey 2dxw + rsx

+ dx2+rsx

HR neuron discards channel property and the function Hamilton
energy has many forms. Indeed, the Hamilton energy becomes sole
when it is converted from the physical field energy in the equivalent
neural circuit. In the previous works (Bao et al., 2018; Cai et al.,
2022, 2021; Heidarpur, Ahmadi, & Kandalaft, 2017; Ochs & Jenderny,
2021), different schemes are suggested to reproduce the dynamical
properties in the HR model by setting a variety of neural circuits,
memristor is also coupled to improve the physical property of these
equivalent neural circuits and memristive effect is estimated (Etémé
et al., 2021; Li & Zhou, 2021; Usha & Subha, 2019; Vijay, Thamilmaran,
& Ahamed, 2022). Considering the physical property VCEC, energy is
consumed and exchanged in this specific component. Any changes in
the parameters (r, s, d) will control the energy flow in this neuron, and
the firing activities will be changed synchronously (Xie, Yao, Ren, et al.,
2023). Simple mathematical neuron just encodes finite information and
appropriate firing mode can be selected in presence of external stimuli
and parameter shift. Under noisy disturbance, coherence resonance and
even stochastic resonance can be induced in Eq. (1). Showing in the
recent works (Hou, Ma, & Yang, 2023; Wang, Sun, & Ren, 2023; Xie,
Yao, & Ma, 2022; Xie, Zhou, & Ma, 2023; Zhou, Zhang, & Ma, 2022),
each neuron contains certain inner electromagnetic energy approached
by equivalent Hamilton energy, and energy diversity will force the
synaptic connections to clustered neurons until reach energy balance.
Therefore, more neurons are guided to connect adjacent neurons for
fast energy exchange and energy balance by increasing the coupling
intensity adaptively. In particular, parameter shifts can be induced and
heterogeneity is created to keep local energy balance in the neural
networks (Xie, Yao, & Ma, 2023; Yang, Wang, & Ma, 2023). It is
worthy of exploring the self-organization in the neural network under
two different cases. Most of the neurons show certain diversity in
the biophysical properties and these functional regions are regulated
to cooperate for processing signals in the brain. In addition, electro-
magnetic radiation and spatial stimuli can be non-uniform. Therefore,
each neuron in the network will suffer from different stimuli defined
by using a spatial function. External noisy disturbance often results
from the uncertain changes in field and energy injection will induce
equivalent current in the channel and disturbance on the membrane
potential.

Case 1 Collective activities and energy balance in neural net-
work without electromagnetic induction.

For simplicity, we consider a chain network and adjacent neurons
are forced to couple two adjacent neurons under energy diversity and
the spatial stimulus I,,, = A cos(wr+ia) is applied on the ith neuron, the
constant « is relative to the media property of the neuron. The dynamics
is described by

(2™ )

The Hamilton energy H is obtained under the criterion in Eq. (3)

—w— dx2)°H1 2y9H _ .
(—w dx)oX+(w+dx)0w—O,

w+ dx?

dx?=rsi—c—rw=2dxw
w

0

L2y 1,2 2 )
H =Hc+ Hp + Hy = 5rsx” + sw” + dx"w;

% =-w; — axl.3 + bxlz + Acos(wt + ia) + k;j(x; ) — 2x; + x;_1) +n(7) ;
dw; .
d—u: =—c+dxi2+rs(x,-—)»)—rw,- ;
dk
T =0 -kI4H; —€),9(p)=1,p20,9(p) =0,p <0;
(6)
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where the coupling intensity k; is controlled by the energy diversity
between adjacent neurons and it increases to constant value under
local energy balance. The statistical property of the membrane noise
with intensity D on the ith neuron is approached by (n(z)n(z')) =
2D5(r — 1'), the gain o restricts the growth ratio for k;. The constant
a is relative to the media property, a = 0.5z, = will make spatial
stimuli present periodic type, and neurons show difference in the firing
modes and excitability. For identical oscillators, further increasing the
coupling intensity can enable realization of complete synchronization
and homogeneous state in the network. However, gradient stimuli will
inject energy with diversity and neurons become different under shape
deformation, and some neurons just reach local energy balance rather
than stabilizing synchronization. For statistical estimation, synchro-
nization factor (SF) is defined to predict the synchronization degree,

N
N Z,—=1 ((x,v2> —{(x)%) N i=1

The symbol () estimates the average value of any variable within a
transient period (running time in numerical approach), and lower value
for SF means pattern formation in the network composed of N nodes.
A higher value for SF confirms occurrence of perfect synchronization
in the network. The energy diversity between adjacent neurons to the
ith neuron is given in

4H; = |Hi+l - Hi| + |Hi—1 - Hi|

@)

2
i+l

2

Loy2
i rsx;

|1 1 2 _ L2 452
—‘zrsx + 5w +dx; Wiy 3 w; dxiw,-)

2
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It indicates that the adjacent neurons reach local energy balance
and the intensity of synaptic coupling will get a saturation value when
a few neurons are synchronized completely. On the other hand, stable
complete synchronization in the network means all the neurons reach
energy balance. Therefore, global energy balance is helpful for keeping
complete synchronization while local energy balance can support the
property diversity and formation of regular patterns generated by local
defects or heterogeneity in the network. Therefore, electric synapses
are created and the synaptic intensity for each pair of neurons is
regulated by the energy diversity when the neural network is suffered
from spatial excitations. In fact, the parameters (A, a) in the spatial
stimuli can be adjusted to detect the collective responses in the neural
network. Furthermore, noisy disturbance with different intensities can
be imposed to predict whether regular patterns can be developed by
calculating the distribution for SF.

Case 2 Collective activities and energy balance in memristive
network with electromagnetic induction

As reported in Ge, Wang, and Jia (2021), Lin, Wang, Deng, et al.
(2021), Ma (2023), Takembo et al. (2019), Wan et al. (2022), mem-
ristive term can be introduced into some neuron models for describing
the effect of electromagnetic induction and radiation, and these mem-
ristive neurons can be controlled by field coupling via exchange of
magnetic flux between neurons. In an experimental way, magnetic flux-
controlled memristor (MFCM) can be connected to the neural circuit
by adding a new branch circuit in parallel with the capacitor. A similar
neural circuit coupled by MFCM (Ding et al., 2023) can be designed in
Fig. 1.

Considering a generic form for the MFCM containing magnetic flux
¢, the channel current and its field energy can be described by

ivrem = M@V = (r + 307V ©
1. 1
Wyrem = 50imrem = 309 + 3697V
The relation for physical variables in this memristive circuit in Xie,
Yao, Ren, et al. (2023) is given in

cY i i i X
i~ lext TIL TINR TIMFCM>
dip _ . .
LZL =V -E-Rip~Vy:
do _ v/ .
dt_V’
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Fig. 1. Schematic diagram for memristive neural circuit. Setting neural circuit com-
posed of a MFCM and voltage-controlled electric component (M) with voltage V,,.
NR is a nonlinear resistor and constant voltage E defines a resting potential for the
ion channel. The physical relation for the electric components is presented in Eq. (2),
respectively.

By using similar scale transformation for the variables in the last
two equations

. wV, t IVo . _ pRC

V:xVO, lL:TO, T:p—c, ’cxt_Tro’r_pT’

R ’ [ ’ ’ 30212 an
S=;,(P =m,}’ =vyp, f =ﬁﬂCV0,
A new memristive HR neuron is obtained by
d 2
ﬁ =—w—ax>+bx>— (' +30 ¢ )x + 1,
%=dx2—c+rs(x—i)—rw; (12)
do’ _
dr

where external forcing current /,,, can select similar periodic form for
the neuron in Eq. (1). Its equivalent Hamilton energy in this memristive
channel is mapped from Eq. (9) and it is rewritten by

_ 1 +3800)0V
2 ong

Wyrcm

13)
CVO2

Hypem = = %(y'(p’x +30¢"x);

The membrane potential can switch to some negative values and
the Hamilton energy for the memristive synapse can be activated to
select negative values, which means energy can be emitted and shunted
form the memristive synapse. Therefore, the Hamilton energy for the
memristive neuron in Eq. (12) is approached by

H =Hc+H+Hy+Hpypepy = %rsx2+%w2+dx2w+%(y’(p'x+3ﬂ’(p'3x);
(14)

The involvement of magnetic flux and induction current in the mem-
ristive channel can well address the effect of electromagnetic induction.
As a result, magnetic field superposition becomes inevitable among the
clustered neurons accompanying with energy flow between adjacent
neurons. In presence of external spatial energy injection accompanied
with spatial current I,,, = Acos(wr + ia), synaptic connections are
created to propagate energy for reaching fast energy balance in the
memristive network. The growth of intensity for field coupling and
collective dynamics in the neural network composed of memristive

neurons can be calculated by

% =—w; — ax? + bx,.2 + Acos(wt + ia) — (¥ + 3ﬁ’(p’,2)xi ;

4y =dx? —c+rs(x; — ) —rw; ;

d‘l’/ i (15)
dffi =X+ Di(@ 141 =20 + @' 1_1)s

L =5 D,9(AH, - e);
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where D; measures the intensity for field coupling between two adja-
cent neurons to the ith neuron. That is, field coupling between adjacent
neurons in the chain network is controlled by the energy diversity,
which can be controlled by the spatial stimuli, and it is updated by
using Eq. (14)

AH; = |H;, — H| + |H,_, - H,| (16)

Any diversity in initials generates energy difference, and then synap-
tic connection is created to shunt energy for reaching possible energy
balance. In case of complete synchronization, energy diversity is de-
creased zero while phase lock will support continuous energy changes
and some neurons can reach local energy balance in the network.

3. Numerical results and discussion

A suitable neuron can present various firing activities when external
stimulus is changed in the amplitude or frequency carefully. In practical
way, bifurcation analysis can predict the mode transition and changes
of the neural activities. Then external forcing current is adjusted to
detect the mode transition by calculating the ISI (interspike interval) in
Fig. 2. Setting parameters as r = 0.119,s = 0.05,4 = —1.6,a = 041,b =
4.01,¢ =2.4,d =0.79, and the initials (0.02, 0.03) for Eq. (1).

From Fig. 2, it is demonstrated that the firing mode is dependent
on the amplitude and frequency of external stimulus closely. Further-
more, the membrane potential for neuron presenting in different firing
patterns are plotted in Fig. 3 by selecting the same amplitude value in
external forcing current I,,, in Fig. 2.

When forcing intensity is fixed, continuously taming the forcing
frequency can switch mode changes of the oscillatory states. On the
other hand, continuous enhancement of the forcing intensity can sup-
press bursting and chaotic patterns for developing periodic oscillation
completely. Therefore, the new two-variable neuron model reproduces
the main firing modes as those biological or biophysical neurons. A
single neuron can process finite information and adjacent coupling
can be combined into external stimuli. It is worthy of investigating
the cooperation and competition between more neurons in a network,
and the effect of adaptive regulation in synaptic coupling should be
clarified.

To explore the collective behaviors of neurons in a chain network,
the distribution of membrane potential and corresponding energy levels
are calculated when the local kinetics is presented with four different
firing modes in Fig. 4, for simplicity, N = 200 neurons are placed in
this network with non-flux boundary condition. Constant parameter
a = 0.01 is fixed in I,, = Acos(wr + i * «) to discern the spatial
excitation, and ¢ = 0.003 is used to control adaptive growth of the
synaptic connection intensity during wave propagation in the neural
network.

Due to diversity in spatial forcing on the network, changeable
coupling intensity seldom controls the network to reach complete
synchronization and spatial patterns are developed even all the nodes
are activated from the same initials. The SF for the network often
obtains lower value and it indicates the synchronization degree is low
(non-perfect). In fact, distributed stimuli enable diversity of excitability
of these neurons, and complete synchronization is blocked even the
coupling is further increased. In Fig. 5, the changes of energy level
between adjacent neurons are tracked by adjusting synaptic intensity.

The coupling intensity for each neuron keeps continuous growth
synchronously because of uncertain energy diversity between adjacent
neuron in the network. Spatial disturbance on the network can induce
wave propagation and energy flow is propagated to enhance further
growth of the coupling intensity, and then local energy balance can
be reached in the network before reaching homogeneous states in
the network. During the wave propagation, the coupling intensity for
some neurons keeps further increase because of local energy balance is
disturbed. From Fig. 5, the oscillatory type of each neuron is changed
due to adjacent coupling and spatial excitation with diversity, so the
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Fig. 2. Effects of different external stimuli on neuronal firing patterns by changing A, . For (al, a2) w = 0.12; (b1, b2) A = 14. xpeak defines the peak value for the membrane

potential.
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Fig. 3. Four kinds of firing modes in neural activities in single neuron by selecting different frequencies w at A = 14. For (a) spiking w = 0.0001; (b) bursting w = 0.012; (c)

periodic firing @ = 0.036; (d) chaotic firing w = 0.12.

firing patterns for the 100th neurons are tracked to show the transition
of energy level and selection of firing patterns in the chain network
with adaptive synaptic intensity in Fig. 6.

In presenting periodic patterns, the neurons show transition of
energy level within wide range, and energy range is decreased in
the bursting and chaotic neurons of the chain network. The local
kinetics is also controlled by the amplitude of external forcing, and then
the forcing intensity is adjusted to control the wave propagation and
pattern formation in the network in Fig. 7.

From Fig. 7, most of the region of the network can keep energy
balance while some local areas hold distinct energy difference and then

heterogeneity is developed. Therefore, wave propagation is activated in
local area and then is blocked by some neurons under synchronization.
Similar investigation is carried out, and the distribution of synaptic
intensity is plotted in Fig. 8.

These neurons keep synchronous growth of coupling intensity be-
cause of continuous spatial excitation and energy diversity in the
network. As shown in Figs. 5, and 8, the coupling intensity still keeps
low value within 1000 time units, and it is below the threshold for
stabilizing complete synchronization in the network. Readers and re-
searchers may suggest using higher initial value or gain for the coupling
intensity, indeed, these neurons show sparse connection because they
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14 cos(wt +i * ). For (al, a2) w = 0.0001; (b1, b2) w =

0.012; (cl, ¢2) @ = 0.036; (d1, d2) @ = 0.12. The same initials for variables (0.02, 0.03) and gain k = 10> are fixed, and a = 0.01.

have slight diversity in initial energy by setting the same initial val-
ues. By applying distributed stimuli, spatial energy flow is injected to
different neurons and energy diversity can be increased to enhance
possible growth of coupling intensity for realizing fast local energy
balance. Within a finite time, then the growth of coupling intensity
is terminated. Therefore, complete synchronization is blocked because
some adjacent neurons just keep intermittent energy balance. For a
clear illustration, the distribution of SF is calculated by modifying the
amplitude and angular frequency in Fig. 9, respectively.

From Fig. 9, the synchronization factor is kept low value when
the angular frequency is increased within 0.0001 to 3.0. By setting
w = 0.12, the SF is further decreased because the diversity from
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spatial diversity is increased and approach of synchronization becomes
more difficult for neurons with high parameter mismatch (excitability
diversity).

In fact, electromagnetic induction has important impact on the
mode selection of neural activities, the nonlinear resonance in memris-
tive neuron shown in Eq. (12) is discussed and initials are fixed at (0.02,
0.03, 0.01). a = 0.52,b = 4.02,y’ = 0.1, =0.02,c =2.2,d = 0.83,r =
0.206,s = 4,4 = —1.6. Similar bifurcation analysis is provided, and
relation of firing mode to the external stimuli is calculated in Fig. 10.

The memristive neuron still presents a variety of firing patterns and
its mode transition in electrical activities are controlled by external
stimulus in the amplitude or frequency completely. When memristive
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Fig. 5. Evolution of coupling intensity k in the chain network composed of N = 200 neurons. For (a) @ = 0.0001; (b) @ = 0.012; (c) w = 0.036; (d) @ = 0.12; (e) growth of k

for the 100th neuron. Spatial stimuli with intensity A = 14, and a = 0.01.
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Fig. 6. Transition of firing patterns and energy level for the 100th neuron. For (al, a2) w = 0.0001; (b1, b2) w = 0.012; (c1, ¢2) @ = 0.036; (d1, d2) w = 0.12. Setting A =

term is involved to discern the effect of electromagnetic induction,
additive memristive current also keep against the external stimulus
during the regulation of excitability. Therefore, the transition of neural
activities becomes complex and the neuron prefer to keep chaotic
states. In Fig. 11, the firing patterns in the memristive neurons are plot-
ted to show the competition between memristive current and external
stimulus.

The firing patterns including spiking, bursting and chaotic types are
some different from the generic neuron because of the involvement
of memristive current into the neuron. Similar firing patterns can be
induced by adjusting the amplitude when the angular frequency of
external stimulus is fixed. With further increasing the amplitude and
frequency of external exciting, the memristive neuron is guided to
present chaotic patterns. It is important to clarify the dependence of
firing modes on the energy proportion in the neuron, and the ratio
for each kind of energy (HC,HL,HM, HM FCM) in Eq. (14) to total
energy H is calculated in Fig. 12 within a transient period about 2000
time units.

It is found that capacitive energy H holds a tiny proportion in
the energy level. In Fact, H,, also stores electric field energy because
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14,a = 0.01.

this electric component is controlled by voltage (membrane potential).
The magnetic field used to hold higher energy proportion than the
electric field, and thus continuous oscillation enables mode transition in
the electric activities. Due to the modulation from memristive current,
which accounts for the EMI and EMR (electromagnetic induction and
radiation), the energy flow mainly keeps in the magnetic field and thus
neuron can maintain distinct firing mode. The energy proportion of
the memristive channel can explain the selection of firing modes in
neural activities. The neuron will present chaotic state when energy in
the memristive channel keeps high proportion. On the other hand, the
neuron keeps bursting when energy proportion in memristive channel
is low. In fact, the memristive channel shunts the energy under elec-
tromagnetic induction, and then the firing modes of the memristive
neuron are controlled during energy exchange between different capac-
itive and inductive channels. Similarly, the pattern formation and wave
propagation in the chain network composed of memristive neurons
can be calculated and plotted when the local kinetics is described
by different neurons, respectively. The same parameter « = 0.01 is

fixed in spatial excitation I,

ot = Acos(wr + i * @), and the coupling
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intensity is adaptively increased with a gain ¢ = 0.003 in the neural
network during wave propagation. In presence of spatial excitation and
disturbance, all neurons are injected energy with diversity and these
non-identical neurons are connected with growing coupling intensity
before reaching complete synchronization and energy balance. For
simplicity, the distribution of SF is plotted in Fig. 13.

It shows distinct difference from Fig. 9 when memristive current
is introduced into the neuron. It is found that memristive network
has higher SF values than the neural network in Eq. (6) because the
memristive current can suppress the spatial diversity, as a result, these
memristive neurons will be coupled with growing intensity for keeping
high synchronization degree and local energy balance.

Energy flow is shunted in the network and neurons are coupled to
show bursting patterns when spatial excitation induces energy diver-
sity into the neural network. Therefore, adjacent neurons change the
energy level and the transient period for reaching local energy bal-
ance becomes longer. It also means synchronous patterns are blocked
and it has application to prevent the seizure by suppressing bursting
synchronization.

Neurons can be excited to present stochastic resonance and coher-
ence resonance in presence of noisy excitation. As a result, energy
is injected to change the energy level of the neuron for presenting
firing modes. Continuous energy injection from periodic stimulus and
noisy disturbance can develop high regularity in the neural activities
when noise intensity is carefully adjusted. In a word, a biophysical
neuron model should meet the characteristic of coherence resonance or
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stochastic resonance under noisy stimulus. It is also worthy of confirm-
ing emergence of stochastic resonance in an isolated memristive neuron
shown in Eq. (12) when additive noisy disturbance is imposed on the
membrane potential and magnetic flux, respectively. For simplicity,
Gaussian white noise is changed the intensity D and the corresponding
coefficient variability (CV) of ISI series is estimated.

V(T?) —(T)*)

; 17
) a7)

where T measures the ISI from membrane potentials, and lower CV
value predicates occurrence of coherence resonance and higher regu-
larity in the neural activities. In Fig. 14, distribution for CV vs. noise
intensity is approached in presence of noisy disturbance from electric
field and magnetic field, respectively.

In presence of noisy electric field, an additive noise is imposed to
affect the membrane potential directly. When external magnetic field
is fluctuated in stochastic way, additive noise has direct impact on
the channel current. From Fig. 14, lowest value for CV is consistent
with highest average energy value for Hamilton energy, and it means
that the neuron keeps high average energy level to present periodic
firing patterns under coherence resonance. On the other hand, the noise
threshold for inducing coherence resonance has different thresholds
when noise is imposed on the membrane patch and ion channel,
respectively. Stochastic disturbance resulting from noisy electric field
on membrane patch requires a lower noise threshold than noisy distur-
bance resulting from uncertain magnetic field on ion channels to induce
coherence resonance.

CV =
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Fig. 9. Distribution of synchronization factors (SFs) in the network driven by periodic signals. For (a) w = 0.12; (b) A = 14. Spatial stimulus I,,, = Acos(wr +i * a),a = 0.01.

In absence of external periodic stimulus, the time-varying mem-
ristive current regulate the neural activities and similar coherence
resonance is induced when the intensity of membrane noise is ad-
justed. It means stochastic excitation from external electric field can
enhance regular firing when EMI is considered. On the other hand,
periodic forcing keeps against the memristive current by changing the
excitability. Two kinds of stochastic disturbance, which adds noisy
term on the first and third formula respectively, modify the effect of
memristive current and then the energy proportion between electric
field and magnetic field is adjusted to trigger different firing modes. The
memristive neuron keeps distinct periodic states for lower CV values;
otherwise, chaotic patterns are induced to prevent the synchronization
approach.

In a summary, clear definition and clarification of physical char-
acteristics in neural circuits are crucial to build reliable biophysical

neurons. In particular, the energy level and its dependence on firing
mode should be clarified. EMI and EMR provide effective energy ex-
change in physical field and memristive current well addresses the
physical effect on neural activities. Noisy disturbance can affect the
membrane potential directly or indirectly. For clustered neurons, con-
tinuous energy shunting and spatial energy injection support gradient
distribution of energy, and then flexible synapses are guided to grow
the intensity with time. In fact, local energy balance enables these non-
identical neurons coexist with multiple firing patterns and bursting
synchronization is blocked to prevent the emergence of seizure in
the nervous system. The involvement of memristor into neural circuit
enables its ability for discerning the effect of electromagnetic induc-
tion, and field coupling accounts for the exchange of magnetic flux
and energy flow. As a result, the coupling intensity is controlled by
energy diversity, and adaptive regulation of biological neurons can be
understood from energy aspect.
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Fig. 11. Different firing modes in neural activities of memristive neuron under different frequencies w. For (a) bursting w = 0.02; (b) spiking w = 0.2; (c) periodic firing @ = 0.4;
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4. Conclusions

In this work, a MFCM is connected to a simple neural circuit for
describing the effect of electromagnetic induction on neural activities.
The memristive neuron can present similar stochastic resonance, which
high regularity in the electric activities of neuron can be detected.
The Hamilton energy function is defined and mapped from physical
field energy. The curve for average energy ( H) vs. noise intensity can
be effective to predict the emergence of coherence resonance, which

10
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the neuron prefers to keep highest energy level (average value) and
periodic firing patterns. Considering the intrinsic diversity in biophys-
ical neurons, spatial disturbances are imposed to control the collective
behaviors of the neural network. In presence of EMIR, the memris-
tive currents also activate the neurons as spatial disturbance, and
electric activities become more complex and regularity is destroyed.
The coupling intensity for adjacent neurons is adaptively increased
in exponential way before reaching local energy balance. When en-
ergy diversity keeps alive, heterogeneity is created and local energy
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balance is broken. These spatial disturbances and excitation prevent the
occurrence of complete synchronization even local energy balance can
be obtained in the network.
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Abstract

Consensus and synchronous firing in neural activities are relative to the physical properties of synaptic connections. For
coupled neural circuits, the physical properties of coupling channels control the synchronization stability, and transient
period for keeping energy diversity. Linear variable coupling results from voltage coupling via linear resistor by consuming
certain Joule heat, and electric synapse coupling between neurons derives from gap junction connection under special
electrophysiological condition. In this work, a voltage-controlled electric component with quadratic relation in the i—
v (current—voltage) is used to connect two neural circuits composed of two variables. The energy function obtained by
using Helmholtz theorem is consistent with the Hamilton energy function converted from the field energy in the neural
circuit. Chaotic signals are encoded to approach a mixed signal within certain frequency band, and then its amplitude is
adjusted to excite the neuron for detecting possible occurrence of nonlinear resonance. External stimuli are changed to
trigger different firing modes, and nonlinear coupling activates changeable coupling intensity. It is confirmed that nonlinear
coupling behaves functional regulation as hybrid synapse, and the synchronization transition between neurons can be
controlled for reaching possible energy balance. The nonlinear coupling is helpful to keep energy diversity and prevent
synchronous bursting because positive and negative feedback is switched with time. As a result, complete synchronization
is suppressed and phase lock is controlled between neurons with energy diversity.

Keywords Hamilton energy - Nonlinear coupling - Energy balance - Synchronization - Neuron
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more neurons, diversity in electromagnetic field energy  and it becomes transient because continuous consumption
forces the creation and growth of synaptic connections and  of Joule heat can induce temperature effect on neural
thus they can reach fast energy balance in the neural net-  activities. Bidirectional coupling via electric synapses
work (Torrealdea et al. 2006; Zhou et al. 2022a; Xie et al. often provides a fast energy balance by applying variables
error on the nonlinear oscillators in the form of negative
feedback. From a dynamical viewpoint, the electric
synapse coupling just induces linear variable coupling of
membrane potentials (Bennett 2000; Zhou et al. 2021a;
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neurons and it is approached by equivalent memristive
synapse connecting two neurons (Wu et al. 2022a). Smith
and Pereda (2003) confirmed that chemical synapse has
impact on the activation of nearby electric synapse. From
physical viewpoint, the release of neurotransmitter and
activation of Calcium accounts for the functional regula-
tion from chemical synapse, and field coupling is triggered
to connect neurons for reaching energy balance between
neurons. Therefore, synchronous firing patterns can be
controlled under chemical synapse coupling, which is
accompanied with field coupling via electromagnetic field
(Yao and Wang 2022, 2021; Yao et al. 2021; Zhou et al.
2022b; Xu et al. 2019). For example, Yao and Wang
(2022, 2021), Yao et al. (2021) suggested that hybrid
synapse coupling can be approached by activating capaci-
tive and inductive field coupling, which is realized by
connecting capacitor, inductor and even memristor in
parallel or in series. In fact, the field coupling can be
considered as nonlinear coupling via hybrid synapse (Sun
et al. 2013; Yu et al. 2017; Calim et al. 2020; Uzuntarla
2019; Xu et al. 2021) and it has certain advantage than the
simple electric synapse coupling by consuming large Joule
heat during the energy propagation along the coupling
channels. Considering the physical approach and circuit
implement, these hybrid synapses can be considered a kind
of field coupling. In a practical way, the circuit realization
and implement of hybrid synapse can be designed by using
combination of capacitor, inductor, resistor and memristor
and even nonlinear resistor, and nonlinear coupling is
activated to connect the equivalent neural circuits. In
presence of resistance of artificial synapse, the nonlinear
electric component in the coupling channels can consume a
little Joule heat and it also emits energy flow because it can
be considered as an active component. Therefore, the
channel current becomes nonlinear, and nonlinear coupling
(Gieseler et al. 2014; Wang et al. 2010; Petereit and
Pikovsky 2017; Wei et al. 2019; Chithra and Raja 2017) is
switched to regulate the synchronous behaviors between
chaotic oscillators. As reported in Wei et al. (2019), the
coupling intensity is regulated in adaptive way and the
stability of synchronization in the network is controllable.

Reliable neural circuits coupled by specific electric
components can reproduce certain biophysical function of
biological neurons in nervous system. For example, a
phototube is activated to excite a simple RLC circuit (re-
sistor—inductor—capacitor), this neural circuit is sensitive to
light and can be considered as an artificial light-sensitive
neuron as visual neuron (Xie et al. 2021a, b). The
involvement of thermistor into nonlinear circuit can per-
ceive external temperature because the channel current
across the thermistor is dependent on the temperature and
this shunted current can regulate the charge and discharge
of capacitor in this circuit (Xu et al. 2020; Xu and Ma
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2021). Furthermore, activation of memristive channel can
enhance the biophysical function of neurons (Wu et al.
2022b, 2020) and electromagnetic field energy can be
defined theoretically. In particular, electric field variable
(Wu et al. 2019) is supplied into the Hindmarsh—Rose
neuron model (Gonzalez-Miranda 2007; Ochs and Jen-
derny 2021; Cai et al. 2021) and external electric field is
applied to control the mode selection in electric activities.
In Ref. (Cai et al. 2021), an equivalent neural circuit is
proposed to mimic the dynamical property of electric
activities produced in the HR neuron. A special current can
well explain the enhanced firing along with seizure induced
by inhibitory interneuron (Wang et al. 2023), and it is
helpful to avoid seizure. The memristive neurons show
distinct controllability because the external magnetic field
can be captured by regulating the memristive current and
the firing modes are controlled effectively (Zhang et al.
2018; Bao et al. 2021; Chen et al. 2021; Pu et al. 2021;
Rajagopal et al. 2019). For example, Zhang et al. (2018)
suggested a scheme to design memristive neuron with
lower energy consumption. Rajagopal et al. (2019) pre-
sented a new memristive neuron with fractional order and
the effect of electromagnetic induction is estimated. In
addition, Josephson junction (JJ) can perceive external
magnetic field, and its involvement into neural circuit can
be used to control the neural behaviors and similar
stochastic resonance can be induced under noisy distur-
bance in the magnetic field (Zhang et al. 2020a, b; Dana
et al. 2006; Njitacke et al. 2022a). Considering the distinct
physical properties of JJ and memristors, more additive
branch circuits are connected to the neural circuits to
enhance the ability for perceiving physical signals, and
then these biophysical neurons become more controllable
because external physical stimuli can be converted into
equivalent channel currents, which regulate the membrane
potential and firing modes synchronously. For more neu-
rons, these specific components can be used as functional
synapse to connect neural circuits, and the coupling
channels are controllable because of nonlinear relation for
the voltage and current.

Continuous energy supply and exchange are crucial for
neurons in presenting kinds of firing patterns, and
stable energy balance is helpful to keep synchronous
electric activities (Moujahid et al. 2011; Torrealdea et al.
2009). For generic neuron model and nonlinear oscillators,
Zhou et al. (2021b) explained how to approach the sole
Hamilton energy function and used as appropriate Lya-
punov function. For more guidance about neurodynamics
from physical viewpoint, readers can refer to the recent
reviews (Ma et al. 2019; Ma 2023). In this paper, a kind of
nonlinear coupling is used to couple two feasible neurons,
the Hamilton energy is derived and physical property of the
neural circuit is explained. Two neurons are coupled via
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nonlinear coupling via a hybrid synapse, and the synchro-
nization stability is discussed.

Model and scheme

For generic neuron models composed of quadratic term for
membrane potentials, the combination of simple and ideal
capacitor, inductor, and shunted current across nonlinear
resistor with nonlinear relation between channel current
and output voltage is effective to build a controllable
neural circuit. To facilitate the enhancement of biophysical
function of neural circuit, specific electric components are
embedded into the branch circuits of RLC circuit (Resistor—
inductor—capacitor) (Kyprianidis et al. 2012), see the recent
review (Ma 2022, 2023). When higher order terms are
included into the neuron model, it needs the involvement
of similar voltage-controlled component and memiristor,
and energy is also shunted in these electric components.
For simplicity, an improved RLC circuit is suggested in
Fig. 1.

The external stimulus i,,, is generated from a voltage
source and it is shunted into three branch circuits. The
circuit equations for Fig. 1 are obtained to bridge the
voltage V and channel current i; as follows

av
Cd_ = iext - iL - iNR;

by (1)
L— =V —E—Ri; — Vy;

dr 99 M;

The functional component M can be considered as voltage-
controlled, and its voltage V,, is defined by

ext { l'C l'L L iNR
N R
V =C - NR
V., M
ol
TE

Fig. 1 Schematic diagram for a RLC circuit. V,, denotes the voltage
for the electric component M with quadratic operation on the voltage
V for the capacitor, NR is a nonlinear resistor and its current is
described in Eq. (3). C, L, defines capacitance for capacitor, and
inductance for inductor, respectively
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Vy =4 v?
M= I’SV() ’

E =SV + aVy; 2)
rs
where the constant E is used to describe the reverse
potential in the ion channel current. The normalized
parameters (c, d, r, s, 1) are the same parameters in the
Hindmarsh-Rose (HR) neuron model (Hindmarsh and
Rose 1982, 1984). Inspired by the i—v relation with quad-
ratic term for nonlinear component in Ref. (Kyprianidis
et al. 2012; Rajasekar and Lakshmanan 1988), the relation

of current and voltage across the NR is defined by
_ 1 (bv2 av3>
INR = —— ;

p\ Vo V5

where p and V|, are the resistance in the linear region and
cut-off voltage in the i—v curve for NR. a and b are same as
the parameters in the HR model (Hindmarsh and Rose
1982, 1984). V, in Egs. (2) and (3) is the same. The elec-
tromagnetic field energy in the neural circuit, and average
energy cost per time unit in the electric component M can
be estimated by

(3)

1CV2+1
2 2

d
W= Wc+ W, — Wy LiZ +——V?i; pC;
rsVy

d
Wy = iy VupC = ———V2i;, pC;
rsVy

(4)

That is, the field energy in the neuron is kept in
capacitive and inductive forms. In this simple neuron with
one capacitive variable and one inductive variable, the
involvement of voltage-controlled component M into the
ion channel occupies partial electric field energy in
capacitive form. Capacitive energy is pumped and shunted
into the voltage-controlled channel, so W;, has opposite
direction of energy flow from W,. Furthermore, these
physical variables and parameters in Eqgs. (1-4) are mapped
into dimensionless variables by using the following scale
transformation

\% irp t I P .
X=— W=—,T=—— = —1
V(), V() i pC7 ext V() exty (5)
pPRC P
r=——,8=—;
L R

As a result, an equivalent neuron model is obtained by

—w—ax® + b+ L

X =
: 2 (6)
w=—c+dx"+rs(x—21)—rw;

From dynamical viewpoint, the external current /,,, can
be adjusted to trigger mode transition in the electric
activities, and external field is also helpful to change the
effect of reverse potential A for regulating the firing modes.
According to the definition for dimensionless variables and

@ Springer



Cognitive Neurodynamics

parameters, these normalized parameters (a, b, c, d, r, s) are
associated with the properties of ion channel, and A
accounts for the resting potential of one ion channel for the
neuron. In addition, the equivalent Hamilton energy H can
be mapped from the field energy W by using the same scale
transformation on Eq. (4), and it is defined by

1 o, 1L 5, d, 2
W*ECVOx +§p2—cw +r—sx wCV;

CcV3 1 1

=20 [ pe?® + —w? + dw
rs 2 2 (7)
CcV?

__OH;
rs

1 1
H= Ersx2 + sz + dx%w;

Guided by the Helmholtz theorem (Kobe 1986), the
Hamilton energy for the neuron asks for the criterion

dH
VH'F.=0:;VH"F; = —;
dT 8)
17).4 (
= F(X) = F.(X) + Fg(X); X C RV
T

Surely, the neuron in Eq. (6) has much similarity to the
previous two-variable HR model proposed by Hindmarsh
and Rose (1982). Considering the characteristic of inner
field of neuron, the equivalent vector for Eq. (6) is updated
by

fw—ax3+bx2+lex,
—c+d® —rwtrs(x —A)

_W_dx2> <—ax3+(b+d)x2+lgx,
_l’_

rsx + 2dxw A —rsh —c — rw — 2dxw

<

—ax® 4+ (b +d)x* + Ly

)

1 1
Hzirsx2+§w2—l—dxzw:HC—l—HL—HM; (11)
This energy form in Eq. (11) is consistent with the
energy function in Eq. (7), which is mapped from physical
field energy after scale transformation. The changes of the
Hamilton energy with time is confirmed by

dH
= VHTF; = x*(d® — 2adw — ars) + x*[(b 4 d)(2dw + rs)
T
—2d*w) — dx*(rsh+ ¢+ rw — w) — w?(r + 2dx)
—w(rsi+c) + (rsx + 2dxw)ly;
(12)

Changes in the parameters (r, s, d) have direct impact on
the energy flow, which can also be controlled by external
stimulus. According to Eq. (11), the Hamilton energy of
the neuron is relative to the firing mode, membrane
potential and the normalized parameters (r, s, d, w)
directly. As defined in Eq. (11), the first term H¢ and the
second term H; define electric field energy and magnetic
field energy, and any changes in the excitability will
modify the ratio between the two kinds of field energy.
o (13)

—w,

2

He  rsx?
HL W2 ’

2

H, = He = —rsx

P
2 )

Periodic stimulus, chaotic series and even noise can be
applied to regulate the neural activities and energy flow is
shunted between magnetic field and electric field. It is

) = [J(x,w) +R(x,w)]VH =F. + F,

0

0 2dxw + rsx

1

-1
0

-

w+ dx®

) I 2dxw + rsx
0

2dxw + rsx

dxr —rsh—c —rw—2dxw
w + dx?

(")

w+ dx?

The energy function H for Eq. (9) follows the criterion as
follows

OH
w0

O0H
—w —dx®) — 2d
(—w x)ax—i—(rsx—i— xw) "

(10)

As a result, an appropriate solution for the Hamilton energy
is obtained by
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interesting to discuss the mode transition when the energy
proportion P is selected with different values. For two
neurons, the synchronization stability is dependent on the
biophysical properties of the coupling channel. Here, we
consider the synchronization control for the two neurons
connected by a nonlinear resistor, which the channel cur-
rent has the form in Eq. (3). The coupled neural circuits are
described by
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v . . . .
CE = lext — L — INR — lcoupling’
dip, .
LE: V — E — Rip — Vi
A4 ; , .
C? = loxt — lz - l;VR + Leoupling s (14)
di,
L%: V' —E—Ri, — Vi
. Lb(V=V) a(V-V)
Leoupling = — — -
pling Vo 14

By using the similar scale transformation, the dynamics for
two coupled neurons can be given in the form

X=—w—ax +bx® + Iy +bx —x)* —a(x —x)*;
W= —c+d’+rs(x— 1) —rw;
X =—w —ax® + bx? + Ly — b(x — X')* + alx — X')%;

W= —c+dx® +rs(xX — 1) —m/;
(15)

The last two terms in the first and third formulas in
Eq. (15) denote the equivalent dimensionless current
across the coupling channel. The error function for states
and Hamilton energy is defined respectively,

2

O(ex,en) =/ (x —x) + (w—w')*;

)

1 1 1 1
> rsx? + EWQ +dPw — 3 rsx'? — —w'? — dx'*w'

2
(16)

In addition, phase series can be obtained by applying
Hilbert transformation on the sampled time series for
membrane potentials of two neurons, and then phase syn-
chronization and phase lock between two neurons can be
further verified when external stimuli are controlled to
trigger different firing modes in the neurons. It is important
to discuss the dynamical property of the coupling channels.
In presence of linear coupling via ideal resistor with
resistance Ry, the coupling intensity for two different cases
(linear and nonlinear coupling) can be expressed by
_r

R’
il gupiing = b(x = ¥')* = alx =2,

K =bx—x)—alx—x),

AH = |H, — Hy| =

lcoupling = k(X' — x), k linear coupling via Ry;

nonlinear coupling via NR;

nonlinear coupling via NR;
(17)

That is, nonlinear coupling introduces time-varying cou-
pling intensity X’ and it terminates to zero adaptively under
complete synchronization or balance between membrane
potentials. As described in Eq. (6), the external stimulus 7.,
can be derived from periodic signal source, and the deter-
ministic model can be excited to present different firing
modes. Indeed, realistic signal source may be more complex
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and the neuron will be excited by mixed signals, which can be
filtered from a chaotic system. For simplicity, signals from
Pikovskii-Rabinovich (PR) oscillator (Pikovskii and Rabi-
novich 1978) are encoded to stimulate the neuron, and it is
defined by

dx ,

s

de y 75

dy/ / U /

C A 2 .

dr/ X + 20 + o7 + b (18)
d

%Z#(X/+ZI—Z/3);

Ly = Eysin(x);

where x/, ¥/, 7 are dimensionless variables mapped from
the output voltage and current in the nonlinear circuit, and
it presents chaotic state at o = 0.165, =0, y = 0.201,
0 =0.66, u=1/0.047. E, is a positive constant and con-
sidered as gain for control of the amplitude of the filtered
chaotic signals, and similar chaotic signal from Lorenz,
Rossler or other chaotic systems can be encoded for /..,
which is effective to activate mode transition and nonlinear
resonance in the electric activities. That is, the sampled
time series for variable x" are chaotic and further encoding
in sine function as I, = Eysin(x’) will introduce irregular
stimulus on the neuron. The coefficient variability (CV) is
estimated to judge the coherence degree as follows

CV="——nc— (19)
where T denotes the interspike interval in the sampled time
series for membrane potential, and the symbol (x) repre-
sents an average of the variable within certain transient
period. Lower value for CV means higher coherence res-
onance in the neuron.

Results and discussion

The fourth order Runge—Kutta algorithm is used to
approach numerical solution with time step 2 = 0.01. To
present different firing patterns, the amplitude and angular
frequency in the external stimulus u; = Acoswt are adjus-
ted to control the neuron in Eq. (6) with initial value (0.02,
0.01).The parameters are selected as a = 0.52, b = 4.23,
c=26, d=092, r=0.119, 5s=0.054= — 1.6. For
coupling synchronization, the initial values for two neurons
are fixed at (0.02, 0.01, 0.03, 0.02). In Fig. 2, bifurcation
analysis is supplied to confirm the appearance of different
firing modes.

By adjusting the external stimulus, this neuron is suit-
able to produce a variety of firing patterns including
chaotic, bursting and spiking, and it means this neuron has
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Fig. 2 Bifurcation of ISI for
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Fig. 3 Firing patterns of membrane, Hamilton energy H in Eq. (11), energy ratio P between Hc and Hy in Eq. (13), at A = 8. For al-a3 spiking
patterns @ = 0.0001; b1-b3 bursting patterns ® = 0.02; c¢1—c3 periodic patterns ® = 0.05; d chaotic patterns ® = 0.08
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the main dynamical characteristic as those biological  carefully. For better showing, the electric activities are
neurons. Extensive numerical results confirmed that noisy  plotted and corresponding energy function is calculated to
disturbance accompanying periodic stimuli can generate  discern mode dependence on the firing modes in Fig. 2.
stochastic resonance by changing the noise intensity
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From Fig. 3, the energy in a single neuron is changed
with the transition of firing modes, and further increasing
the angular frequency of external stimulus can induce
chaotic states. In presence of spiking patterns, the neuron
used to keep higher energy level, while chaotic activities
supports a lower average value in the Hamilton energy.
Except the spiking condition, transient switch in the energy
ratio is detected, and it means a fast energy release and
exchange between magnetic field and electric field.

Realistic stimuli on neurons are not distinct periodic
type, it is worthy of investigating the nonlinear response
when mixed signals is applied. For simplicity, chaotic
signals from PR in Eq. (18) are encoded to excite the
neuron by applying different amplitudes for I, = E.
sin(x’), the Largest Lyapunov exponent, average
energy < H >, peak values from membrane potential and
distribution for CV in Eq. (19) are calculated in Fig. 4.

From Fig. 4, the encoded chaotic signals Egsin(x’) can
inject stimuli as mixed signals and the excitability of the
neuron can be regulated by the gain E, effectively, so mode
transition can be controlled completely. Indeed, Eqsin(x’)
can be considered as combination of periodic and
stochastic disturbance, and appropriate setting for the gain
E, can induce coherence resonance-like behavior in the
neural activities. Further increasing the value for the gain
E, prefers to impose chaotic stimulus and the neuron is
excited to present chaotic firing patterns. The curve for CV
distribution in Fig. 4d has no lowest value and it is in some
difference from the previous curve for CV versus noise

intensity, which moderate noise intensity supports
i (al)
2 -
H P
_2 L
ar bl)
2 -
H| W P
_2 L
il (cl)
2 .
H ! P
0 -
,2 -
0 1000 2000 3000 4000

coherence resonance accompanying with lowest CV value.
It is interesting to clarify the energy characteristic of the
neuron excited by this stimulus, and the results are illus-
trated in Fig. 5.

In fact, I = E¢sin(x’) can excite the neuron as quasi-
periodic signals and the neuron prefers to trigger chaotic
states and it keeps lower Hamilton energy because of fast
discharge. During the firing of neural activities, electric
field energy will keep a lower value than the magnetic field
energy except some transient period. It indicates that the
channel current in the neuron is fluctuated quickly and
membrane potential is regulated to release energy quickly
as well.

Synaptic connection can propagate energy effectively by
regulating the synaptic current, and the time-varying cou-
pling is dependent on the energy diversity. Linear electric
synapse coupling requires special electrophysiological
condition and consumption of Joule heat becomes inevi-
table. Indeed, biological neurons prefer to trigger field
coupling and nonlinear coupling by activating hybrid
synapse. In Fig. 6, the synchronous response between two
neurons under the same periodic stimulus is calculated.

In presence of nonlinear coupling via hybrid synapse
defined in Eq. (17), two identical neurons have difficult to
reach complete synchronization. However, they can reach
phase lock when the external stimulus is adjusted, and it
indicates that the two neurons can guided to present some
suitable firing modes in the neural activities. Furthermore,
the energy diversity between two coupled neurons is cal-
culated in Fig. 7.
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Fig. 5 Evolution of Hamilton energy H and changes in the ratio P between Hc and Hy_ is plotted in presence of mixed signals I.,, = Egsin(x’). For

al, a2 E, = 1.0; bl, b2 E; = 6.0; cl, c2 E, = 20.0
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Fig. 6 Evolution of error 0.08 0.02
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Two identical neurons have the same distinct period and
synchronization between periodic neurons becomes easy.
When neurons reach complete synchronization, energy
diversity is reduced to zero and energy balance is stabi-
lized. This nonlinear coupling just activates subthreshold
coupling because the gain in the coupling term is relative
to some intrinsic parameters in the neuron. Therefore, they
can reach transient synchronization rather than
stable complete synchronization, and energy diversity will
be changeable with time. In addition, the changes of cou-
pling term and synaptic intensity in Eq. (17) is estimated
when neurons are excited to present different modes.

From Fig. 8, in presence of four different firing modes,
the synaptic current becomes time-varying, and it means
that two neurons keep certain diversity of membrane
potential. Therefore, complete synchronization is blocked,
and it is helpful to prevent bursting synchronization and the
occurrence of seizure in the nervous system. Considering
the difference in excitability in biological neurons, two
neurons connected via hybrid synapse are excited by
encoded chaotic signals with different intensities, and the
results are plotted in Fig. 9.
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When the mixed signals are encoded with lower gain
and intensity, phase synchronization between two neurons
becomes available and it means this hybrid synapse is
effective to trigger synchronous firing patterns. With fur-
ther increase of the gain in the mixed signals, neurons
prefer to present chaotic patterns and complete synchro-
nization becomes difficult and phase lock is also broken
with time. The energy diversity between neurons driven by
encoded chaotic signals is also obtained to predict whether
energy balance can be realized in Fig. 10.

It is found that the two neurons show time-varying
energy diversity with time, and thus energy propagation
along the hybrid synapse is continued, it is helpful to
find coexisting different firing patterns in the nervous
systems. Furthermore, the coupling intensity for nonlinear
coupling is also estimated in Fig. 11 to predict whether the
two neurons keep its nonlinear coupling all the time.

From Fig. 11a, it means the synaptic current is termi-
nated because two neurons have the same membrane
potentials and nonlinear coupling is switched off within a
transient period. Therefore, two neurons keep their own
firing modes and they can reach partial synchronization.
From Fig. 11b, c, the synaptic current fluctuates with time
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and it means the hybrid synapse keeps working for con-
tinuous energy propagation and exchange because of dis-
tinct diversity in the two neurons. In particular, appearance
of negative value for the coupling intensity k" indicates this
nonlinear coupling activates positive feedback on each
neuron, therefore, energy diversity and firing modes are
regulated with time.

In summary, realistic biological neurons often receive
mixed signals from externals stimulus and neurons in the
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neural networks will capture more signals from other
neurons. Furthermore, these multi-channels injections are
detected to compose an encoded signal within certain fre-
quency band. When two or more neurons are excited,
hybrid synapses rather than sole and ideal synapses are
activated to propagate energy between neurons, transition
from synchronization and desynchronization is switched
when the coupling intensity along the nonlinear channel is
changed between negative and positive values. As a result,
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two neurons can present different firing patterns and modes
in the neural activities. Hybrid synapse plays an important
role to keep energy diversity and these neurons are blocked
to reach synchronous firing patterns, which can prevent the
occurrence of seizure. In fact, hybrid synapse accounts for
nonlinear coupling and it is suitable to approach close
biophysical property and physical effect of realistic
synapses for biological neurons. In a practical way, com-
bination of functional electric components including
memristor, nonlinear resistor, thermistor, phototube,
piezoelectric component and Josephson junction can
enhance the sensitivity and controllability of synaptic
connection and coupling channels, the main advantage of
these functional synapse is its intensity can be regulated
adaptively and external stimuli can control the coupling
channel directly. The energy definition within this work is
defined and confirmed from physical viewpoint (Njitacke
et al. 2022b), it is different from the previous energy
description in Wang and Zhu (2016), Zhu et al. (2019),
Wang et al. (2021) for neurons. As mentioned in our recent
works, continuous energy injection and absorption will
induce shape deformation, some neurons will show
parameter shift to keep pace with other neurons for
showing synchronous firing or desynchronization, as a
result, self-adaption of biological neurons are released.
Nonlinear coupling provides possible intermittent positive
and negative regulation on two neurons, and this
scheme can be further used to induce and control chimera
in neural networks Yang et al. (2022), Kanagaraj et al.
(2023), Feng et al. (2023) by developing coexistence of
synchronization and non-synchronization.
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Conclusions

Based on the Helmholtz theorem, an energy function for a
two-variable neuron is defined from physical viewpoint
and it is also confirmed by applying scale transformation
on the field energy in the neural circuit composed of a
voltage-controlled component. Filtered chaotic signals are
used to excite the neuron for mimicking realistic stimulus.
It indicates that biological neurons can be excited to pre-
sent regular patterns under mixed signal matching with
realistic signals within certain frequency band, and average
energy and CV distributions are calculated to discern mode
transition in electrical activities. Furthermore, two neural
circuits are coupled by the same nonlinear resistor, and
synchronization stability and phase lock are controlled by
the nonlinear coupling. Under some firing modes, the
coupling intensity is decreased to zero and nonlinear cou-
pling is terminated with the same membrane potentials. In
other cases, continuous nonlinear coupling contributes to
phase lock or phase synchronization, and possible bursting
synchronization is prevented. That is, nonlinear coupling
provides effective energy exchange and supports coexis-
tence of multiple firing modes in neurons under energy
diversity. To activate the self-adaption of biological neu-
rons, shape deformation accompanying with parameter
shift becomes inevitable and then the hybrid synapse is
controlled to adjust the coupling intensity for reaching next
energy balance between neurons.
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ARTICLE INFO ABSTRACT

Keywords:

Artificial neurons can be designed and excited to produce similar smart responses as biological neurons driven by
electromagnetic excitations. The interaction between cell membrane and ion channels accounts for the mode
transition in membrane potentials and the changes of inner field energy during continuous diffusion and

Neural circuit
Scale transformation

Zlftl;;i(::rilal arm propagation of ions in the neuron. The external stimuli just speed up the mode selection by changing the gradient
Synchronization distribution of electromagnetic field of the cell. The propagated electric pulses are affected by the Calcium wave

and concentration, and muscle is controlled to behave suitable body gaits. In this review, a neural circuit-coupled
electromechanical device is suggested to clarify how neural signals drive the artificial arms. The pre-placed
neural circuit can be regarded as a wave filter, and the encoded signals are guided to excite one electrome-
chanical arm, and then a pair of arms connected with a spring is controlled to simulate the motion of two arms.
The circuit and motion equations for the artificial arms are presented with exact definition of energy function.
Scale transformation is applied to obtain an equivalent dimensionless dynamical model and the dimensionless
Hamilton energy. Finally, an adaptive control law is presented to control the neural circuit and the load circuit in
the electromechanical device. This work provides possible guidance for designing artificial arms or legs under

electric stimuli, readers can find clues for further investigation under complete dynamical analysis.

1. Introduction

Nervous system can perceive a variety of external stimuli, and then
suitable firing modes in electrical activities are induced to propagate the
encoded signals among neurons. When more biological neurons are
excited, the Calcium concentrations of cells are increased and tamed to
control the body muscle [1,2], and then appropriate gaits are stabilized.
In presence of external stimuli, most of the neurons in the same func-
tional regions are waken for developing possible synaptic connection
under energy flow, and even neurons from other functional regions are
affected to build multi-layer network. As a result, the body keeps suit-
able and safe gaits to give smart response to the multiple-channels
excitation. The time series for membrane potential of a biological
neuron are often available due to the application of patch clamp tech-
nology, while the channel currents are often fit with different functions
composed of the membrane potential with suitable parameters. In fact,
model setting and model improvement of biological neurons should
consider the main physical property during the occurrence of neural

activities. At least, one capacitive variable is useful for the membrane
potential and its inner electric field, another inductive variable becomes
crucial to measure the channel current and its effect of magnetic field.
Considering the distribution and interaction between different kinds of
ion channels, some additive nonlinear terms are required to describe the
effect of ion channels during the energy conversion between magnetic
field and electric field when neurons are excited. From physical aspect,
both capacitor and charge-controlled memristor (CCM) [3-5] have
capacitive variables when the output voltage or charges flow are
detectable. On the other hand, inductor and magnetic-flux controlled
memristor (MFCM) [6-8] present inductive variables when the induced
current or magnetic flux can be measured in reliable way.

Indeed, a generic neuron model [9,10] requires two variables
including the membrane potential and recovery variable for channel
current. As a result, a simple neural circuit composed of a capacitor, an
inductor and a nonlinear resistor can be tamed to present similar firing
patterns as mathematical neurons or biological neurons by developing
similar spiking, bursting or chaotic states. To approach the effect of
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complex ion channels, more branch circuits are created in the generic
RLC (resistor-inductor-capacitor) for introducing different kinds of
channel current terms. Therefore, these neuron models present more
than three variables, and some of them can describe the effect of elec-
tromagnetic induction [11-13], temperature, electric and magnetic
field, and even photoelectric conversion in the neurons. The effect of
electromagnetic induction in the neuron and neural circuits is often
described by introducing memristive current and magnetic flux variable
in the models [14,15]. During circuit implement, memristor, Josephson
junction, piezoelectric ceramic, thermistor, photocell and voltage-
controlled devices can be incorporated into the branch circuits of a
neural circuit, and then the controlled circuit can be effective to discern
or detect external physical signals [16-18]. For example, phototube is
connected to a neural circuit for building a light-sensitive neuron [19],
and Josephson junction is used to detect external magnetic field when it
is incorporated into a neural circuit [20]. After scale transformation,
these neural circuits can be converted into dimensionless neuron models
with different current terms, and they are called as functional bio-
physical neurons. In fact, the Hopfield neural network is considered as
an effective network model for generic signal processing, and the
involvement of memristive function into it [21-23] can measure the
effect of electromagnetic induction and radiation. Furthermore, similar
memristive regulation is applied to the Chialvo neuron [24,25] and
Hindmarsh-Rose neuron models [26-28], the complete dynamical
analysis, energy definition and synchronization control provide helpful
comments on understanding the relation between modes selection and
energy levels. Besides the common analysis, circuit implement and
fractional order approach of the neuron model pave new ways for
neurodynamics [29,30].

From mathematical viewpoint, two variables are necessary for
building an oscillator-like neuron model, one variable for the membrane
potential and another variable for the channel current. To present
chaotic firing patterns, suitable external stimulus including noise or
periodic forcing becomes indispensable. As a result, the physical prop-
erty of the cell membrane is missed because all external stimuli are
regarded as equivalent transmembrane current terms. Some recent
works [31-33] claimed that reliable neuron models should involve two
capacitive variables, one for the outer membrane and another for the
inner membrane when the cell membrane has two sides supporting
different distribution of electromagnetic field. Surely, map neuron
models [34-37] are also effective to reproduce the main dynamical
property and physical effect when the map neuron is clarified with exact
energy function. That is, it is crucial to clarify the energy characteristic
and self-adaptive property before suggesting and confirming any new
neuron models. Most of the oscillator-like neuron model can obtain their
energy function by using the Helmholtz theorem, while the energy
function definition of map neurons becomes a challenge. The author of
this work suggested a scheme to define energy function for many maps,
and it also provides a clue to check the reliability of maps from energy
aspect [38-40]. When the energy function is obtained in exact form, an
adaptive law can be suggested to control the intrinsic parameter growth
and adaptive regulation of synaptic intensity when the energy level is
beyond a threshold [41,42]. For two or more neurons, the synaptic
connections keep adaptive growth in the synapse intensity when the
energy diversity is beyond a threshold, therefore, the neurons can keep
energy balance and phase synchronization or desynchronization
[43-46]. Furthermore, continuous energy accumulation can develop
heterogeneity [47,48] while energy release can create defects in the
neural network when the synaptic bridges are controlled by energy di-
versity in a local area of the network.

By now, dynamical analysis in many neuron models has been
investigated extensively. Based on these neuron models, collective be-
haviors and self-organization under noise have been discussed by con-
necting different neural networks. As is known, the arms and legs can
behave different gaits when the nervous system is guided with suitable
commands. To discard the complex freedoms of arm and leg, a moving
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beam driven by electromechanical force [49-51] can mimic the
dynamical characteristic of moving arm or leg. In generic way, the load
circuit composed of coils with N turns is banded to one end of a beam,
which is placed into a magnetic field, the Ampere force generated in the
load circuit will drive the beam to move when external forcing current is
injected into the coils of the load circuit. On the other hand, the coils of
the load circuit will generate a dynamic electromotive force (DEF) to
change the channel current, and then induced electromotive force (IEF)
is generated during the moving of the beam. As a result, both DEF and
IEF will apply feedback to the terminal of neural circuit, which its output
voltage is used to excite the load circuit. That is, the neural circuit in-
teracts with the load circuit adhere to the moving beam by changing the
current across the coupling channel when DEF and IEF are generated.
The neural circuits can be described by oscillator neuron models, and it
is important to convert the physical variables including displacement
and velocity into dimensionless variables for dynamical analysis. For
example, Wadden et al. [52] proposed a neuro-mechanical model and
the motion of single leg is controlled. Mbeunga et al. [53] analyzed the
nonlinear response in an array of electromechanical systems driven by
an electrical line of Fitzhugh-Nagumo neurons. Ngongiah et al. [54]
explored the motion of myriapods by using an array of mechanical arms
coupled to an array of FitzHugh-Nagumo neuron circuits. Furthermore,
Ngongiah et al. [55] designed a bioinspired electromechanical system,
which that FitzHugh-Nagumo neuron circuits are combined to drive
synchronically an array of mechanical legs, and driving-response of the
array of legs are discussed. Kouami et al. [56] investigated an array of
nanoelectromechanical beams driven by an electrical line of Josephson
junctions equivalent models, and the motion of the beams is dependent
on the junction current. Wang et al. [57] designed a four-bar linkage
bionic knee joint structure with a variable axis and a double closed-loop
servo position control strategy based on computed torque control is used
to improve anthropomorphic characteristics and the dynamic perfor-
mance of the bionic mechanical leg powered by servo pneumatic muscle
(SPM). In Ref. [58], analytical and numerical investigations of Joseph-
son junction neuron circuits actuating a mechanical arm and the array
are provided.

In this paper, the interaction between neural circuit and electrome-
chanical devices is discussed, and this study is helpful to design artificial
arm and leg, and it also provides an example for the application of neural
circuits. The circuit equations for the neural circuit are approached, the
dependence of displacement of the moving beam on the electrome-
chanical force is defined, and then scale transformation is used to obtain
a dimensionless model for describing the relation between neural ac-
tivities and mechanical motion. Section 2 contains five subsections,
Section 2.1 presents generic description for a generic neural circuit and
its energy function. Section 2.2 explained the working mechanism of an
artificial arm/leg under electromagnetic force. Section 2.3 presented
discussion about cooperation between two artificial arms. Section 2.4
supplied complete discussion about how memristor-based neural circuit
drive an artificial arm developed from an electromechanical device.
Section 2.5 suggested an adaptive law for control the neural circuit and
the moving arm. Section 3 gave the conclusion and suggestions for this
field.

2. Model and scheme

For most of the neurons, periodic stimulus seldom triggers the same
firing patterns only when the external forcing current is endowed with
high intensity. Sometimes, chaotic stimuli on the neuron just develop
spiking or bursting patterns rather than chaotic behaviors in membrane
potential because the biological and biophysical neurons encode the
external signal in nonlinear way. That is, artificial and biological neu-
rons can be considered as effective wave filter and signal generator
because the outputs often are different from the exciting signals.
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2.1. Signal encoding and wave filtering in a neural circuit

As shown in Fig. 1, external physical signal i; across a resistor R,
which induces a voltage drop, is interacted with the output terminal of
the RC circuit and the filtered signal i, often has a different frequency
band from the injected signal i;.

When the nonlinear electric component NM is not activated by cut-
ting off the switch S, the forcing current is across the linear resistor Rs
imposed a voltage excitation on the capacitor C and also shunted a
current to excite the inductor L. As a result, the charged capacitor
generates a channel current and the induction coil in the LC circuit
creates an induced electromotive force (IEF), the interaction between
the inductor and capacitor will impose a feedback to the injected forcing
current i, and the output signals iy, shows some diversity from the
original input signal i;. In an experimental way, activation of the
nonlinear electric device NM, for example, NM can be a nonlinear
resistor or a memristor, the LC circuit is excited to present continuous
oscillation even without applying external forcing current i; because the
nonlinear electric element can be regarded as exciting source. The
emitted current i, from the output terminal will interact with the
injected current i,, and combination of two channels currents will con-
trol the amplitude and frequency of final output signals iy, From
physical viewpoint, the outputs i, from the LC circuit can suppress finite
frequency band of the injected signal and then wave filtering is realized.
According to the Kirchhoff's theorem, the relation between physical
variables in Fig. 1 can be obtained by

dv
C— =i, —ir — inu;

dr

. @
LBy =i

dt ’ out s e

The channel current along the electric component NM often shows
nonlinear relation between the voltage and current as follows

1 1v3
iy = —— ( - —2) ,nonlinear resistor;
P 3V, (@)

i = (a+3p4%)V,MFCM.

That is, when the switch S in Fig. 1 is closed, the nonlinear current or
memristive current in Eq. (2) is effective to support continuous oscilla-
tion in the neural circuit and then the firing patterns are controlled.
Furthermore, the output signal i,, becomes dependent on the load cir-
cuit when it is connected to drive another neural circuit or

our

g~

i

R,
i -
} le
| S
' =
NM

Fig. 1. Schematic diagram for neural circuit. L, C, NM represents an inductor,
capacitor and nonlinear resistor including memristor, phototube and piezo-
electric ceramic, respectively.
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electromechanical device.
2.2. Electromechanical arm and leg driven by neural circuit

The current carrying coil is subjected to Ampere force in a magnetic
field, and it is powerful to drive a electromechanical beam (EEB) when
the coil is enwound to the end of the beam (for simplicity, iy, = igm), as
shown in Fig. 2.

According to Fig. 2, the spring generates a damping force, which
controls the stability of the moving beam. A motional electromotive
force is evoked when the coils adhere to the moving beam continues to
cut the magnetic field lines, while no induced electromotive force occurs
when the channel current igy is kept as a constant. On the other hand,
the coils of the load circuit connecting to the moving beam are linked to
a voltage source will build a close loop, and the time-varying igys will
produce an induced electromotive force as well. The external magnetic
field with intensity B generates an ampere force F4 on the coils with N
turns. As a result, the U shaped rod connected to the moving beam will
be driven by the Ampere's force F4 (=2NBlyigy) in an external stable
magnetic field. The coils adhere to the U shaped rod with N rounds, and
the displacement changes of the moving beam with total quality my can
be estimated by

dx v
a7’
3
dy 2N . n K
— = —Blyigy ——y ——=x.
dt my mo mg

The gains (3, K) in Eq. (3) the damping coefficient and elastic coef-
ficient of spring, respectively. The displacement variable x has distinct
physical unit, and moving equation can be converted into dimensionless
form by applying suitable scale transformation. The motional electro-
motive force along the coil in Fig. 2 is approached by epp; = 2NBlydx /
dt when the moving beam pass through the field, and the induced
electromotive force eypa = Lgmdigy / dt is dependent on the changes of
channel current igy. Some physical parameters (Vy, C, p) in the neural
circuit can be used as reference values when the neural circuit in Fig. 1 is
used to excite the load circuit of electromechanical arm in Fig. 2.

T-Lj\?_i/‘_[LC i _piEM.
7PC: 7107)}* IO Yolpy = Vo ) (4)
2pC*NBV, pCn PPC°K
a=——b="—k="—"—
my mgy mgy

In a dimensionless space, the moving beam is described by

Fig. 2. Schematic diagram for electromechanical arm/leg. The section length
of the N rounds coil has a length I, which measures the distance between two
rods of the left end of the beam. B represents the external magnetic field, and x
denotes the displacement of the moving beam along the horizontal plane. The
spring has an elastic coefficient K and igy denotes the channel current across the
coils of the load circuit.
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a_s,

a7 ©)
a_ . PN

Ze Y — by — ki x.

The dimensionless current igy comes from the output end of the
neural circuit. In a practical way, it can be selected as different forms
including spiking, bursting and even chaotic series. For dynamical
analysis, the signal series for i'gy can be derived from the membrane
potential of a neuron, which can be stimulated to stabilize suitable firing
patterns. The field energy W; in the neural circuit and the mechanical
energy W5 for the moving beam are defined in Eq. (6a) and the equiv-
alent dimensionless forms are updated in Eq. (6b).

1, 1, 1 2
w, :ECV +§L1L+§LEMIEM?
| ) (6a)
W, :EszJrEmoyz.
14 iLp p°C
U=—, v=—- =—
v T T
p :/)Z_CM :Kzg fo = moly
2T L ? CVﬁ’ ! PPCVy (6b)
w1, 1v 16
Hl :—2:—u2 - — —ﬂ;
cvy, 2 2u 2 uy
W, 1, 1,
2= CV(Z) = 2/43)6 +2”4y .

Lgy defines the inductance coefficient for the coil of the load circuit
in the mechanical arm. The neural circuit can present periodic and/or
chaotic firing modes during the shift of energy levels, as a result, the load
circuit is controlled in the channel current and the motion of the moving
beam is regulated with synchronous changes of the mechanical energy.
The beam begins to move when the electric field energy is converted to
mechanical energy. For simplicity, the output signal iy, from Fig. 1 is
applied to excite the EEB in Fig. 2, the coils adhere to the moving beam
can be considered as load circuit. As a result, the iy, will equal to the
channel current igy and then the neural circuit will suffer from feedback
from the load circuit embedded to the moving beam. A complete dia-
gram in Fig. 3 for the neural circuit coupled with electromechanical arm
can be approached by combing Figs. 1 and 2 as follows.

Therefore, the correlation between variables for the coupled circuit
and moving beam can be measured by

17574

NM ||

Fig. 3. Schematic diagram for neural circuit interacting with the load circuit of
the electromechanical arm. The current across the inductor L, nonlinear
element NM and capacitor C is described by iy, inn, ic, respectively.
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dv
C—=
dr

dip
L_
dr

diEM
L
EM dr

Iy — U — Invm — lEM;

=V — 2NBlyy; @)

dx

dt

dy 2N, . q
=2 _Z'p 4,
i m 0lEM moy

=

—X.
my

The coefficients (L, Lgy, C) describes the inductance coefficient for
the coils in the neural circuit and load circuit, capacitance of the
capacitor of the neural circuit, respectively. When the channel current
across the NM is given in the form as the first formula in Eq. (2), the
interaction between the neural circuit and the moving beam can be
explored in the dynamical model in a new group of dynamical equations.
Apply similar the scale transformation presented in Eq. (4), and other
variables and parameters in dimensionless forms are redefined as
follows.

2 2 2

/ P . pC pC 2NBI;
=1, M= L= 1= . 8
I Vol‘ 1 L 2 L 3 LYo ®

Inserting the variable and parameters into Eq. (7), it obtains a group
of nonlinear equations as follows

du

— 3_4 .
Eftxf\ﬂruf w — gy

3

)]

By taming the external forcing current i; and its equivalent dimen-
sionless form {5, the neuron will switch two different firing modes and
then the channel current in the load circuit is changed to control the
moving the beam under Ampere's force. Therefore, combination of
Figs. 1 and 2 can be discussed in Eq. (9) by exploring the response
relation between input current and displacement of the moving beam. It
is interesting to discuss similar case when two beams are connected with
another spring, and it is helpful to discern the cooperation between two
arms when the muscle is excited by electrical signals.

2.3. Double electromechanical arms and legs

Two identical electromechanical arms in Fig. 2 are coupled with a
spring, and a pair of beams is driven by electromagnetic force for
behaving the cooperation of two artificial arms in Fig. 4.

From Fig. 4, any dislocation of the two moving beams will apply
restoring force on each beam. For simplicity, the load circuits of the
double EEB can be excited by using the same forcing current igy. The
displacements for the two moving beams are marked as x; and x», the
distance between two moving beams is fixed as L. Therefore, the spring
connects two moving beams and applies a feedback force as k(x; — x3)
along the direction of the moving beams. Therefore, the displacements
for the two moving beams are approached by
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gl

I44411022%
AL

Fig. 4. Schematic diagram for double electromechanical arms. EEB; and EEB,
denote two moving beams and they are connected with an ideal spring with
elastic coefficient k.

de,
dr =i
d .
N —Blyipy — l}ﬁ ——x; —— (X1 — X2);
dt nmy nyy nmgy my (10)
o _ o
dr =23
d 2N . K
% =—Blyipy — lﬁ ——x — — (X —x1).
t my my my my

In fact, any changes of the channel current (igy) relative to the
outputs from the neural circuit can induce displacement diversity be-
tween two moving beams, and the connecting spring will stretch to
impose feedback force to the beam for reaching possible synchronous
motion. When the same exciting current (channel current) igy is applied
to the two moving beams, the motional and induced electromotive force
in the load circuit will be half of the output voltage from the neural
circuit. By applying similar scale transformation for a single beam, the
dynamics of the double moving beams can be described by

du

E:is—v-‘ru—gu}—iEM;

dv

—=1

dT 1u;

diy,, 1 1

T 5/1214 5/13)71

dx,

5, an
e Y13

dy ; ~ PPN
%:aiEM — by, — kX — k(X —X2);
d’fg o

i =23

dy. ; N R N
% = digy, — byz 7k1X2 71{(){2 - xl).

The dimensionless coefficient defines as k' = kp?C2/mg. By taming
the external forcing current, the neural circuit is regulated in the firing
patterns, and its coupling to the load circuit will drive the moving beam
in different states. By tracking the trajectories of the coupled beams,
phase synchronization and complete synchronization between the two
moving beams can be discussed. Similar to the definition in Egs. (6a) and
(6b), the energy function for the coupled two electromechanical beams
can be obtained. When the external forcing current i is adjusted, which
the signal source can be voice applied on a piezoelectric ceramic or
illumination imposed on a photocell, the encoded electric signal is
encoded to excite the load circuit for driving the coupled beams. As a
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result, this device can simulate the linear motion of arms. Considering a
noisy disturbance relative to external electromagnetic field, noise term
can be applied to the formula for the membrane potential in the neuron-
coupled beam system, and the motion of the beam can be affected. When
the nonlinear component NM in Figs. 1 and 3 is selected with memristor,
an additive constant voltage Vj in the branch circuit is required to set
reference voltage for further scale transformation.

2.4. Electromechanical arm and leg driven by memristive circuit

The involvement of MFCM can describe the inner electromagnetic
induction during the propagation of ions along the branch circuit and
channels. The injected and perceived signals are encoded via the
memristive channel, and energy exchanges are continued between
electric field and magnetic field accompanying with changes of the
capacitive and inductive variables. In Fig. 5, a simple memristor-based
neural circuit is designed, and its outputs are used to excite the load
circuit via the coupling capacitor Cp.

The constant voltage Vj can be considered as resting potential of the
ion channel, Vj is relative to signal source for mimicking the acoustic
electric conversion via a piezoelectric ceramic and photoelectric con-
version via a phototube. The component Cys connected with a constant
resistor is used to keep balance the output voltage from the neural circuit
and the electromotance generated from the load circuit. The physical
variables for Fig. 5 can be confirmed in the following equations

v . . .
CE =1l — L — INnm — lEm;

diy . 2
Lig = Vi ime = (a+36¢7)(V = Vo);

di
Lo =V — V,, — iRy, — 2NBloy;
dr
12)

c av,, .

M dr LEMS
d¢o dx
—=V-Vy; — s
dr P TR
d 2N K
l = iBl() iEM — ly - —X.
dt  mg my myo

Magnetic field energy is shunted into the inductive and memristive
channels when channel current is passed along the memristive channel.
Indeed, the memristor can be considered as an equivalent inductor and
then its field energy Wy = 0.5¢iny can be converted into dimensionless
form Hy by applying suitable scale transformation on the variables and
parameters in the field energy function Wy,.

]

L .C
S
Vl’rl —_ CJM
L NM =/ C
g ,
=V,
+
L lem

Fig. 5. Schematic diagram for
ristive circuit.

electromechanical arm/leg driven by mem-
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The energy function for these electric components in the neural
circuit and load circuit are described by

L., 1, 1, 1. , 1.
W, = ECV + ELIL +§LEMZEM + ECme + §¢1NM;
l_CV(2)7
, , (14)
1, 1w 1i%, 1V2 1, .
_ = Ty 2.7 A 38 0° 1)
SR IR R +5(@e+380") (u—1);
2 2
pC pC c .
=7 08 = a =aR,.
Hy I Ha Lo 4 c,

The moving beam has the same mechanical energy shown in the
second formulas in Egs. (6a) and (6b). Furthermore, the dynamics of the
memristive neural circuit coupled with the load circuit and the moving
beam is described by

du ) , ;
preial S (@ +380")(u—1)—ip;
dv
s
ar
di / S
iiEtM =6 (u =V, — i) — 5;
av,, !
o = Sslo %
do
A |
w1
dx _ .
dr b
y _ o aa
i Osigy — 06y — 67X.

In presence of external electromagnetic radiation, noisy or periodic
forms can be applied to the right side for the formula in the fifth formula
in Eq. (15), and energy injection enables shift of the inner energy level of
the neural circuit and the load circuit. As a result, the firing modes and
the coupling channel current igy (and its dimensionless form i'gy) are
changed to guide the motion of the beam/arm under electromagnetic
force.

2.5. Adaptive control of neural circuit and moving beam under energy

flow

According to Egs. (14) and (6b), most of the energy terms have
quadratic power of variables except the energy term for memristive
component. When all the parameters are known and all the variables are
available, the energy function can be discerned with exact value all the
time. In some recent works, a generic adaptive growth law for intrinsic
parameters of the neurons is suggested to control mode transition and
the intensity of synaptic coupling between neurons [59,60]. The
continuous growth of intrinsic parameters can be controlled by Heavi-
side function when the energy level or energy proportion is beyond
certain threshold. For example, the parameter 64 = C/C,, accounts for
the ratio for two capacitive elements, and any shape deformation of
these components will induce parameter shift during energy injection
and release. Therefore, a group of adaptive law can be suggested to
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control the growth or decrease of the parameters until it reaches a
saturation value.

ds

—T“ =6-5,0(H, —x1),0(P) = 1,P > 0,0(P) = 0,P < 0;

d54 _ HL .

E = 0'54@ (Fl - K'2>, (16)
ds He

di? = 6(34@([_[*(1‘ — K3>.

Positive value for the gain ¢ supports continuous growth while
negative value for o just induces decrease of the parameter. H; denotes
the total dimensionless energy (Hamilton energy) for the neuron and it
can be mapped from the field energy for the neural circuit. Hc and Hy,
represent the dimensionless capacitive and inductive energy for the
neuron, respectively. k1, k2 and k3 are selected thresholds. Other bifur-
cation parameters can be applied with the similar control law in Eq. (16)
no matter the models are presented in oscillator-like form or maps.

In fact, most of the variables for channel current are not detectable in
synchronous way except the time series for voltages. As mentioned
above, the field energy in these ideal capacitive components accounts
for energy terms quadratic form, therefore, voltage function can be used
to replace the energy terms in the growth law in Eq. (16), and it can be
updated with a reliable form as follows.

2
ds
d—4: 54@)(—2’"41),@(}’) =1,P>0,0(P)=0,P <0
dé. 2
di‘: = 6'54®(Vm — Kz); (17)
ds,
E = (7'(34@(142 — K'3).

In circuit implement, the variables in Eq. (17) can be replaced with
the corresponding physical variables, and additive branch circuit can be
designed to control the neural circuit and moving beam in adaptive way.
From mathematical aspect, researchers can write hundreds of models
and the parameters can be adjusted to produce similar spiking and
bursting patterns as biological neurons. Furthermore, these neuron
models can be simulated on many equivalent nonlinear circuits. How-
ever, the most important thing is to clarify its intrinsic working mech-
anism and release its self-adaptive property, in particular, the energy
function should be provide with exact physical explanation. From my
understanding, the intrinsic energy flow controls all the target and
desired states when suitable adaptive control law is discovered and
confirmed. In this way, more neural circuits and combined arrays can be
built to control the complex motion of artificial arms/legs and electro-
mechanical devices freely. Finally, the author honestly expects this
minireview can provide possible guidance for readers in this field, and
these suggestions can be helpful to explore the application of artificial
neural circuits. Complete dynamical analysis on the suggested models
can be finished by readers.

3. Conclusions

In this review, a generic neural circuit is proposed and its energy
function is defined. The working principle of a simple electromechanical
beam is explained and the moving beam under electromagnetic force
(Ampere force) can mimic the motion of artificial arms. Appropriate
scale transformation is provided to obtain dimensionless energy for the
neural circuit-coupled electromechanical beam, and the dynamical
equations are expressed in exact form. Furthermore, two electrome-
chanical beams are connected with a spring, and the outputs from the
neural circuit are used to excite the load circuit adhere to the moving
beams, and this device can simulate the gaits cooperation between two
artificial arms. Finally, an adaptive control law under energy flow is
suggested to control the neural circuit, and thus the moving beam can be
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guided to target gaits freely. This review provides possible clues to
design reliable neural circuits, and the interaction between neural cir-
cuits and artificial arms developed from mechanical devices is explained
from physical and dynamical aspect. The suggestions and clarification in
this review provides clues for application of computational neuroscience
and intelligent control of dynamical systems.
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Most of nonlinear oscillators composed of capacitive and inductive variables can obtain the Hamilton energy by using the
Helmholtz theorem when the models are rewritten in equivalent vector forms. The energy functions for biophysical neurons can
be obtained by applying scale transformation on the physical field energy in their equivalent neural circuits. Realistic dynamical
systems often have exact energy functions, while some mathematical models just suggest generic Lyapunov functions, and the
energy function is effective to predict mode transition. In this paper, a memristive oscillator is approached by two kinds of
memristor-based nonlinear circuits, and the energy functions are defined to predict the dependence of oscillatory modes on
energy level. In absence of capacitive variable for capacitor, the physical time ¢ and charge ¢ are converted into dimensionless
variables by using combination of resistance and inductance (L, R), e.g., ==txR/L. Discrete energy function for each memristive
map is proposed by applying the similar weights as energy function for the memristive oscillator. For example, energy function
for the map is obtained by replacing the variables and parameters of the memristive oscillator with corresponding variables and
parameters for the memristive map. The memristive map prefers to keep lower average energy than the memristive oscillator, and
chaos is generated in a discrete system with two variables. The scheme is helpful for energy definition in maps, and it provides

possible guidance for verifying the reliability of maps by considering the energy characteristic.
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1 Introduction

Nonlinear circuits are often used as signal sources and fur-
ther filtering of the output signals can match with some
realistic signals within specific frequency band. High order
nonlinear terms account for complexity and specific function
in electric components, which are crucial for supporting
chaotic states and field energy savage. By taming some in-
trinsic parameters, chaos and hyperchaos are induced in the
nonlinear circuits [1-4], which are often described by
equivalent nonlinear oscillators, and these chaotic systems
have potential application in image encryption [5-8]. The
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bionics throws light on the achievements of artificial in-
telligence [9,10] and functional enhancements of artificial
neurons and setting on biophysical neurons [11-15]. For
further clues about model approach of neural activities from
physical aspect, readers can explore suggestions in the recent
review and the references therein [16].

The reliability of nonlinear circuits depends on the con-
trollability. It means that most of the intrinsic parameters can
be controllable in wide range. External stimuli accompany-
ing with energy injection can be encoded to guide the outputs
to reach target levels. The cell membrane and synapse of a
biological neuron have distinct flexibility, as a result, gra-
dient energy and external stimuli including forcing current,
depolarized field will change the energy level and firing
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modes in neural activities in adaptive way. Therefore, the
synaptic intensity is regulated under the energy flow [17,18].
For example, an adaptive law [17,18] is suggested to control
the growth of synaptic intensity in two kinds of memristive
neurons, which are developed from neural circuits connect-
ing with memristive channels. Furthermore, two or more
neurons can be connected by synapses with a growth of the
synaptic intensity until reaching energy balance, while het-
erogeneity [19,20] can be created in the neural network due
to continuous energy collection from the adjacent neurons.

Most of the nonlinear circuits can present periodic or
chaotic states. A few nonlinear circuits can be tamed to
present similar firing patterns derived from biological neu-
rons. Some neural circuits are designed and their di-
mensionless forms are used as neuron models [21-25]. It is
crucial to consider the physical property of biological neu-
rons before building an equivalent simple neural circuit.
Static distribution of intracellular ions induces electric field
in the cell membrane, stochastic diffusion and propagation of
ions across the cell membrane induce magnetic field due to
current effect. Continuous exchange of energy flow will
change the distribution of intracellular and extracellular ions,
and thus the relation between membrane potential and
channel current becomes nonlinear dependence. Therefore,
capacitor, inductor, nonlinear resistor and constant voltage
source are four necessary elements for building a simple
neural network. The capacitor accounts for the capacitive
property of cell membrane, an inductor mimics the magnetic
field effect because of propagation and diffusion of ions,
constant voltage results from the resting potential in an ion
channel. In a neural circuit, a constant voltage source is often
connected to the inductor in series, and the nonlinear resistor
is used as additive channel to shunt energy flow. When
piezoelectric ceramics, phototube and thermistor are in-
corporated into the neural circuit, the neurons become sen-
sitive to external voice, illumination and temperature [26—
30]. In particular, the involvement of memristive current and
magnetic flux variable into the neuron models can estimate
the electromagnetic induction and radiation [31-35]. Based
on these memristive neurons, the collective neural activities
can be controlled under field coupling even synaptic cou-
pling is suppressed greatly.

Oscillator-like models can be derived from circuit equa-
tions by applying scale transformation on the physical vari-
ables and parameters in the neural circuits. The energy
function composed of capacitive, inductive and memristive
terms can be mapped from the field energy for the electric
components with distinct field effect including capacitor,
inductor and memristor. The energy function can also be
derived and verified by using the Helmholtz theorem when
the formulas for the neuron model are updated with vector
forms. The emergence of chaos in an autonomous oscillator
requires involvement of three variables at least in absence of
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noisy disturbance and time delay. However, a map can pro-
duce chaotic series even one variable is regulated. To pro-
duce chaotic behaviour in the neural activities, three-variable
neurons and two-variable models driven by external periodic
current in the form of nonlinear oscillators have been in-
vestigated extensively. However, discrete systems and maps
(discrete neurons) [36-38] are effective to mimic the main
firing modes in some biological neurons, and the involve-
ment of memristive term is helpful to estimate the electro-
magnetic induction as well [39,40]. Memsitor shows great
application in neural circuits and synapse implement for
neuromorphic computing see recent review works [41-44].
Most of the memristive oscillators can be approached by
setting equivalent memristor-based circuits and the energy
characteristic is clear. However, many works about discrete
memristor and memristive maps are discussed from mathe-
matical definition and field programmable gate array
(FPGA) simulation [39,45-49], and how to describe the
energy characteristic keeps open. Therefore, it is a challenge
to define and estimate the energy function for map neurons,
and the energy level dependence on firing modes keeps open.

In this paper, a memristive oscillator is expressed by two
different kinds of nonlinear circuits coupled by magnetic
flux-controlled memristor (MFCM) and charge-controlled
memristor (CCM), respectively. CCM and a voltage-con-
trolled element are used to couple the inductor when capa-
citor is not available. After scale transformation, two kinds of
memristor-based circuits are described by similar memristive
oscillators and energy functions are defined. Applying linear
transformation on the variables and intrinsic parameters,
each memristive oscillator is replaced by a memristive map
under covariation. For example, dy/d=4Axy(1-y) to
Xp+1=B*x,(1—x,). Then the energy function for the memris-
tive oscillator is referred to define a discrete energy function
for the map with the same weights. Bifurcation analysis is
carried out, and the average energy is calculated to predict
coherence resonance in the memristive maps.

2 Model and scheme

Reliable algorithm is crucial to obtain numerical solutions
for nonlinear equations, e.g., the fourth order Runge-Kutta
algorithm is effective to find solve numerical results for
nonlinear oscillators described by differential equations,
which are often discretized in exact forms. In particular, the
involvement of noisy excitations and disturbances makes a
stochastic dynamical system, and the approach of numerical
results depends on reliable algorithms [50,51]. On the other
hand, map modelling of complex systems can avoid and
reduce the difficulty during numerical approach. In ref. [52],
energy function for memristive devices is defined and esti-
mation of energy for some maps is discussed. It is assumed
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that the same weights can be applied for the energy function
of a map by exploring the Hamilton energy function for an
equivalent nonlinear oscillator, which has distinct covaria-
tion with the map. In ref. [53]. linear transformation is ap-
plied to bridge connection to two nonlinear oscillators and
their equivalent maps. The capacitive energy 0.5CxV” for a
capacitor and inductive energy 0.5Lxi" for an inductor can be
mapped into equivalent forms as 0.54 xx* and O.SBXyz, where
V, i are physical variables, x, y are corresponding di-
mensionless variables, and 4, B are normalized gains for the
energy terms. Both MFCM [54-56] and CCM [57-59] can
save and contain field energy when they are incorporated
into a linear or nonlinear circuit. The energy property in an
MFCM and CCM can be described by suitable energy
function in an equivalent inductor and capacitor, respec-
tively. In fact, the energy description for memristive devices
often presents a high order term. That is, scale transformation
bridges connection between the circuit equations and the
nonlinear oscillator, field energy and Hamilton energy
completely [60].

For a nonlinear oscillator with a few variables, the dy-
namics can be investigated in its equivalent nonlinear circuit.
It is a challenge to verify the numerical results during se-
lecting and combining these potential electric components.
For example, the variables (x, y, z, ...) for a nonlinear os-
cillator can be described by the output voltage for a capa-
citor, induction current along an induction coil, and a
constant term often means involvement of constant voltage
source in the branch circuit. Is it possible to build more
equivalent nonlinear circuits for mimicking the dynamics for
the same nonlinear oscillator? From physical viewpoint,
continuous oscillation in a nonlinear circuit requires the in-
volvement of capacitive and inductive components syn-
chronously. In ref. [53], the author suggested a memristive
oscillator with two variables, and scale transformation is
applied to obtain an equivalent map for further energy esti-
mation.

2.1 Linear transformations between memristive oscil-
lator and memristive map

The memristive oscillator is given in the form as follows:

d ) I

&=y~ (o +3597),

e (1
T =ap by,

where r, a, b, &, i are dimensionless parameters, and y, ¢
are dimensionless variables. Indeed, the eq. (1) is autono-
mous and it seldom presents chaotic series without external
stimulus or noisy disturbance. The Hamilton energy for the
memristive oscillator is described by

I PP
H=5y"+5(ag' +36¢")y. ()
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When the variable y is mapped from a voltage variable, the
two energy terms are relative to capacitive and memristive
field, respectively. By applying the following linear trans-
formation in eq. (3), the memristive oscillator in eq. (1) is
replaced by a memristive map with similar form in discrete

type in eq. (4).

2
A=1+rAz, o =%, - pAr 7> ZAi,
€ (1+rA7) T 3)
- _rAt . _ _IAt _ (k=1
On = WHrae)? w *n = THrAdn At

where the variables (yn, pn') are sampled time series for the
variables (y, ¢") in eq. (1), At is the time step for numerical
approach of eq. (1).

Xy = 40,(1-x,) = (a +38p,)x,, @

O, = ko, Tex,.

The memristive map in eq. (4) can be regulated in the
parameters for developing different firing patterns. The
memristive oscillator in eq. (1) can be verified by designing
two equivalent circuits by incorporating different memris-
tors. Case 1: Capacitor, nonlinear resistor and MFCM are
connected in the neural circuit. Case 2: Inductor, a voltage-
dependent element and CCM are connected in the neural
circuit.

2.2 Approach of memristive oscillator by using MFCM

To verify the reliability of eq. (1), a nonlinear circuit in
Figure 1 is plotted to match with the energy property in
eq. (2). It is helpful to predict the physical properties of
electric components involved in this circuit.

The channel current iy across the nonlinear resistor and
memristive current iy are respectively described by [60]

. r V2
INR _E(V_ 70)§

; (5)
iy = GE = M@V = (a,+ 3867,

NR

Figure 1 Schematic diagram for a neural circuit coupled by MFCM. A
memristive circuit composed of one capacitor, nonlinear resistor (NR) and
one MFCM.



1570 Guo YT, et al.

where V estimates the output voltage for the capacitor with
capacitance C, ¢ is the magnetic flux variable across the
memristor with physical parameters (a, f). ¥, is constant,
and the gains (7, b) are the same parameters in eq. (1). Under
the Kirchhoff’s theorem, the relations between physical
variables for Figure 1 are defined by

14 . .
CE =—Ing ~imo
. ©
=Ap+bV,

where the normalized parameter b has no physical unit, and
the parameter 4 has physical unit. The physical variables and
parameters in eq. (6) are rewritten in a dimensionless form
[61]:
Vv o _ ¢ _t

R AR Te Ao

o =pa,p :p3C2V02ﬁl,a =ApC.

Inserting the variables and parameters for eq. (7) into the
eq. (6), it has the same form as presented in eq. (1). That is,
eq. (6) can produce similar behaviors in the memristive os-
cillator in eq. (1). The capacitive and memristive energy W,
and the dimensionless form for eq. (6) are estimated by [61]
1

(7

——CV2+2LMM Leyes 2¢1M,
8)
w1 (
H=cp=p"* 2o+ 30 .

That is, the field energy in eq. (8) is consistent with the
energy description in eq. (2), and the Hamilton energy is
verified by using the Helmholtz theorem when the memris-
tive oscillator is rewritten in a vector form. Therefore,
combination of a capacitor and an MFCM accompanying
with a nonlinear resistor is effective to reproduce similar
dynamical behaviors in the nonlinear oscillator in eq. (1).
The potential mechanism is that continuous oscillation in
nonlinear system requires continuous exchange between
capacitive and inductive field.

2.3 Approach of memristive oscillator by using CCM

A CCM has similar physical property as capacitor by keep-
ing capacitive property in field and energy characteristic. It is
interesting to investigate whether combination of inductor
and CCM can develop similar dynamics in eq. (1), and the
circuit implement is plotted in Figure 2.

According to Figure 2, the dimensionless variables (y, ¢")
in eq. (1) can link to the channel current across the inductor
and charge for the CCM. The relation between variables in
Figure 2 is defined as follows:

dar ViLi Mms
i ©)
o =Bq+di,.
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M(q)

Figure 2 Schematic diagram for a neural circuit coupled by CCM. A
memristive circuit connected by one inductor, nonlinear resistor (NR) and
one CCM.

The parameter B is relative to the physical property of the
CCM, and it is approached by B=0¢/C,, which C, measures
the capacitive ability in the CCM and o is a constant con-
ductance. The physical characteristic for the CCM and
channel current for NR are defined by

L pig?
VL - p(lL - Ti‘))a
Yu=M(q)i, = (a,+ 3ﬂ2q2)i1,'
By applying similar scale transformation for the variables

and parameters in eqgs. (9) and (10), a group of new variables
and parameters are obtained by

(10)

t_piC

Pl _
pCSy L >

VO >

q':Cq

z'= , T=
"o (11)

C CsV
p 0 2:18 710 0 0527C_Up

As a result, the eq. (9) is updated in a dimensionless form
as follows:

dz , . . BN
o =)= (@ +3pq %)z, 0
%:cq'-i-dz'.

It has the identical form shown in eq. (1) even the symbols
for variables and parameters show some differences.
Therefore, the two memristive systems in eqgs. (1) and (12)
can present similar oscillatory characteristic by applying
suitable parameters. It is important to identify the energy for
the nonlinear circuit in Figure 2 and the field energy and its
dimensionless energy form are given in

W,= %LiL 2+%CMVI\3[ ;LZL 2+;qVM’
13)
W, _ 1, S (
szﬁli()zzz—yzz+2—y(aq+3ﬁq3)z-

By using similar linear transformation, the dynamics in
eq. (12) can be presented in a map form.

17 ”Wn(l - Wn) - ((Z + 3ﬁqn2)wn7

14
qn+1 = 6qn+luwn' ( )
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From eq. (12) to eq. (14), it requires the following criterion
for redefining the parameters and variables.

, BAwy? )2
’7:1+VA79 a :Esﬂ = Z’d:E’
(1+yA7) (15)
yAT AV 0—1
q, = (l+yAr)q n Wn 1+yAZ' n € AT °

where the variables (z',, ¢,") are discretized from the vari-
ables (z, ¢') in eq. (12). Both eqgs. (4) and (14) have the
similar form even these dimensionless variables are mapped
from different physical variables. However, their energy
functions in eqs. (8) and (13) are much different because the
physical field energy can be kept in different types. It means
that combination of different electronic components will
have different energy thresholds and ranges. Indeed, circuit
implement of the same nonlinear oscillator is dependent on
the combination of electric components greatly. A capacitive
component is crucial to keep electric field, and then dis-
charge will pump energy into inductive components for in-
ducing continuous oscillation. When a capacitor is not
available, a CCM is effective to save and propagate charges
in continuous way. As a result, changes of the channel cur-
rent passed in the inductor or induction coil generate an in-
duced electromotive  force.  Therefore, capacitive
components are indispensable elements to build nonlinear
circuits, and specific component dependent on charge flow
similar as the form of eq. (10) becomes indispensable.

2.4 Scale transformation for physical parameters and
units

In generic way, standard physical time unit is available when
both intrinsic parameters including capacitance and re-
sistance (C, R) or capacitive and inductance (C, L) are
known, and then the physical time is converted into di-
mensionless time variable as t=t/RC, or r=t/(LC)1/2. In fact,
when the intrinsic parameter C is not known, another time
factor can be used as reference value

, pATy? )2
n=1+yA7, o' = %=, f' = ,d = 4=,
At (1+ya07 " A7 (16)
yAT YAt " _o6—1
q,= (1+yAT)q n W 1+]/AT nw € T

Therefore, replacing the variables in eq. (9) can develop
the memristive circuit in another form without clarifying
B=0/C,. A group of new variables and parameters are de-
fined by

2

ot N
w =g = k=B
p 2’ 2> 2 p .

The memristive circuit in eq. (9) is updated with a new
form as follows:
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& -2 - @3,
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‘21‘1 =y +dz'.

It presents similar form as shown in eq. (12). As a result,
similar dynamics can be reproduced by taming the para-
meters in eq. (18). As a result, similar discrete system for
eq. (18) can be obtained in the form as presented in eq. (14).
The energy function for eq. (18) is given in the form as
follows:

W3=% Y C &~ —éLiﬁ%qu
19)
/4 Wp> 1o 1
= = =57+~ +
H, VALIp)  LV2 5z "t 5(aq 36'q")z.

Indeed, scale transformation seldom changes the energy
function for the memristive circuit. Therefore, eq. (18) has
the same form of energy function defined in eq. (13) ac-
companying the gain p=1/y. It is interesting to discuss the
energy approach for the memristive maps in possible way.
Eq. (8) presents exact calculation of energy for the mem-
ristive eq. (1). Considering relation between these para-
meters for the oscillator and map, a discrete energy function
for eq. (4) is estimated as follows:

1
3%n

For the memristive map in eq. (14), the energy function is

suggested as follows:

H,=

2 (a¢)1 + 3IB¢n )X (20)

" 1 1
H,"= plyw, + 5(aq,+3pg,)w,] - 1)

The weight or gain for the energy function in eq. (14) can
be selected with p=1, and it has no distinct impact on the
exchange between capacitive and inductive energy terms.
The discrete energy function in eq. (21) is consistent with a
discrete form from eq. (19), and it indicates that the di-
mensionless energy function is independent of the scale
transformation because the energy function can be mapped
from the sole field energy function for the memristive circuit
completely.

Appearance and emergence of chaos in an autonomous
nonlinear oscillator requires three variables at least. In ab-
sence of external periodic forcing or noisy excitation, the
memristive oscillator in egs. (1), (12), (18) just contains two
variables. Therefore, periodic oscillatory states can be de-
veloped rather than inducing any chaotic series. As is known,
chaos can be induced one-variable map and two-variable
map. Therefore, the memristive maps shown in eqgs. (4) and
(14) can be tamed to present chaotic states by setting ap-
propriate values for the dimensionless parameters for sup-
porting a positive Lyapunov exponent. The potential
mechanism is that the discretization operation for the non-
linear oscillators introduces time factor for the variables into
the new developed maps, and the sampled time series in
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periodic type are encoded in the amplitude and interval
synchronously. Therefore, these mapped discrete systems
can present chaos or new periodic characteristic. In this case,
the memristive maps have distinct advantage than the
memristive oscillators for producing similar firing activities
as biological neurons.

2.5 Adaptive growth law controlled by energy level

Biological neurons often show controllable properties during
the polarization and magnetization, and even shape de-
formation is induced by specific mechanical stimuli. As a
result, some intrinsic parameters for ion channel, capacitive
and inductive properties are changed. Indeed, we can use a
similar control law as in refs. [17,18] for the memristive
parameters in egs. (1), (12) and (18), and then the memristive
oscillators can experience different firing modes and the
average value for the energy function will show corre-
sponding jump between different energy levels. To keep the
same form for variables, the growth of intrinsic parameter is
controlled with exponential form smoothly. For maps, the
growth criterion is considered as saturation form restricted
by a Heaviside function. For simplicity, we consider the
adaptive growth of one memristive parameter for the mem-
ristive map as follows:
a=o,+Aa- int(NiO)S(Hf K), @)
3P)=1,P=20,9P)=0,P<0,
where @ is the initial value for memristive parameter, Ao is
the growth step, n denotes iterations, N, measures the in-
terval for next growth, x is the energy threshold and the
Heaviside function in eq. (22) controls its growth when the
energy level is beyond a threshold. On the other hand,
average energy value often predicts high regularity in the
neural activities. Adaptive reduction in some parameters is
also effective to control the mode transition. For example,

. (n
=a,—Aa-int| = )9(x—H,),
o=o0,—Aa m(NO) (x—H,)
$P)=1,P=0,9P)=0,P<0.

(23)

1.0

(@)

0.5f

0.0f

-0.5

In the next section for numerical approach, the case de-
fined in eq. (22) will be discussed. Ao>0 means positive
growth of the memristive parameter from a small value,
Aa<0 can calculate the case for reduction of memristive
parameter from a high value.

3 Results and discussion

The memristive neuron can be presented in similar form in
egs. (1), (12) and (18) and parameters can be adjusted to
trigger similar dynamical behaviors. The fourth order Runge-
Kutta algorithm can be applied to explore the dynamics by
finding the numerical solutions for the memristive oscillator
even different symbols are used for the variables and para-
meters. Bifurcation parameters are changed to present dif-
ferent firing patterns, and the corresponding energy function
is calculated as well. Our main aim is to investigate the
dynamics and energy characteristic of the memristive map,
and nonlinear response under the suggested adaptive law in
eq. (23). At first, we calculated the mode selection in eq. (4)
by changing one parameter carefully, and the distribution of
variable series is plotted in Figure 3.

From Figure 3, it is demonstrated that the memristive map
shows distinct transition between different firing modes by
changing one intrinsic parameter carefully. Complete firing
patterns including spiking, bursting and chaotic states are
induced by taming a single parameter in continuous way. To
discern the dynamics and energy characteristic of this
memristive oscillator, formation of attractors and energy
evolution are plotted for the neuron presenting different
neural activities in Figure 4.

The profile of the attractor is relative to the firing mode
and energy level. From chaotic state to periodic firing pat-
terns, chaotic attractor is suppressed and the average energy
value is increased. The similar case for memristive map in
eq. (14) is explored, and the bifurcation diagram is plotted in
Figure 5.

Complete firing modes are found in the memristive map in
eq. (14) by adjusting one normalized parameter carefully,

- (b)

0.0

Figure 3 Bifurcation diagram of X, vs. parameter 4 (a) and parameter ¢ (b). (a) €=0.15; (b) 4=4.2. Setting parameters 0=0.4, $=0.02, k=0.5 and initials (0.2,

0.1).
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Figure 5 Bifurcation of variable W, vs. parameter # (a) and parameter x (b). (a) x=1.75; (b) #=3.9. Setting parameters o=0.1, f=0.01, and §=0.3.

and the mode transition in Figure 5 is some different from the
distribution in eq. (3). Furthermore, the formation of attrac-
tor, changes of variable and energy function for the map are
calculated in Figure 6. Shift in the average energy and
changes of attractor profile predict mode transition in the
memristive map.

By changing a single parameter in eq. (14), chaotic at-
tractor is guided to show periodic type, and the average en-
ergy for the map also shows slight increase. Furthermore, it
is interesting to discuss the formation of attractors and mode
transition when the memristive map neuron in eq. (14) is
regulated by the adaptive law in eq. (22), and changes of
attractors are shown in Figure 7. Form simplicity, a,=0.1,
Ao=0.005, x=0.5, N,=40 are used for the control law and
map attractors are presented.

The shape of attractors is changed with adaptive growth of
one memristive parameter in the map, chaotic and periodic
attractors can be formed as well. For better clarification, the
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transition in the membrane potential, energy level and
growth of memristive parameter is shown in Figure 8.

Distinct changes are observed in the series for membrane
potential and energy function during the growth of mem-
ristive parameter with constant footstep. Similar to the
growth criterion in eq. (22), one memristive parameter can be
regulated with negative growth in eq. (23), which begins
from a higher value to a lower value. Similar mode transition
can be detected. By changing other parameters with the same
control low, similar mode transition and jump between en-
ergy levels can be found as well.

By setting higher value for the gain Aa or smaller interval
N,, the memristive parameter encounters rapid growth and
mode transition becomes more distinct. Furthermore, the
case for 4=1.58, 2.85 is calculated in Figures 9 and 10.

From Figure 8 to Figure 10, the average energy is in-
creased from 0.142 to 0.607, and the firing mode is also
switched from chaotic to periodic oscillation. For most of the
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Figure 7 Developed attractors by changing parameter x. (a) £=0.22; (b) x=1.85; (c) #=2.58. Setting parameters a,=0.1, Aa=0.005, x=0.5, N;=40, =0.01,

7=3.9, and the initial values select (0.2, 0.1).

neuron models, the distributions of peak value, interspike
intervals (ISI), discrete variable vs. bifurcation parameter
seldom show continuous changes, and the firing modes in
neural activities are modified when one parameter is changed
continuously. That is, one bifurcation parameter can select
different values to support the same firing activities such as
chaotic, periodic spiking and bursting, and quiescent state.
By extensive approach the average Hamilton energy of a
neuron with similar firing mode, four distinct energy levels

or footsteps can be detected when a neuron is excited to
present four different firing activities [51]. A chaotic pattern
often occupies a lower energy level, and periodic pattern
often occupies a higher energy level. Both spiking and
bursting can be considered as similar to quasi-periodic state,
because distinct periodicity often requires higher energy le-
vel for keeping periodic oscillation.

For complete showing the dynamics of neural activities in
a neuron model, oscillator like or map type, reproduction of
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n

Figure 8 Evolution of variable w,,q, (a), Hamiltonian energy (b), and growth of memristive parameter a (c). Setting parameters a,=0.1, =0.01, x= 0.5,
n=3.9, p=1, 4=0.22. Average energy value finds 0.142.
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Figure 9 Evolution of variable w,,q, (a), Hamiltonian energy (b), and growth of memristive parameter o (c). Setting parameters a,= 0.1, f=0.01, x= 0.5,
7n=3.9, p=1, 1=1.85. Average energy value finds 0.502.
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0.24f ©

0 50 100 150 200
n

Figure 10 Evolution of variable w,,q, (a), Hamiltonian energy (b), and growth of memristive parameter a (c). Setting parameters o= 0.1, f=0.01, x= 0.5,
7n=3.9, p=1, 4=2.58. Average energy value finds 0.607.

complete firing modes is the main characteristic. In presence variability) vs. noise intensity, the distribution of average
of noisy excitation, nonlinear resonances can be induced by Hamilton energy <H> with different noise intensities pro-
taming the intensity of noisy disturbance. Besides the cal- vides a more effective way to predict the emergence of co-
culation of SNR (signal to noise ratio) and CV (coefficient herence resonance. Within a transient period or iterations N,
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average energy <H> prefers to estimate the average power of
the neuron or nonlinear oscillator, and high energy level is
effective to keep distinct periodic state. Therefore, noise
excitation can be applied on the right side of the first formula
in egs. (4) and (14). By taming the noise intensity, similar
coherence resonance can be induced and confirmed by es-
timating the distribution of CV values or <H,> for eqgs. (21)
and (22). The Hamilton energy function H can be used as
Lyapunov function, dH/dz often means energy release and
the system becomes stable within finite transient period. The
discrete energy function H, is effective to restrict the stability
in a map. When energy is released in stable way, H,, is de-
creased in each iteration, and then

H +17H

n n

Hnianl <1

(24)

In the last decades, more interesting works about compu-
tational neuroscience have been finished on neuron models
presented in nonlinear oscillators [62—65], some of which are
included with biophysical effects, and numerical approach of
membrane potentials for neurons and further statistical
analysis often involves reliability of numerical algorithm in
presence of noisy disturbance. Based on these oscillator-like
models, coupling channels and links are tamed to control the
collective behaviors in networks with linear, hybrid and
higher order interaction [66—70], respectively. Map approach
from equivalent nonlinear oscillator and nonlinear circuits,
and reliability verification of the proposed maps can find
clues from the scheme in this paper. In particular, energy
definition for maps becomes helpful to discern the depen-
dence of oscillatory modes on energy level provides new
insights to predict occurrence of nonlinear resonance and
further control under energy flow.

4 Conclusions

In this work, physical approach of an oscillator neuron with
memristive term is discussed, and the equivalent nonlinear
circuits are suggested to mimic the nonlinear terms and
neural activities in the memristive neuron. It suggests two
kinds of neural circuits by using different functional electric
components. That is, a memristive oscillator can be im-
plemented in some equivalent circuits composed of different
electric components. When capacitive component as capa-
citor is not available, a CCM can behave similar role for
supporting energy exchange between magnetic field and
electric field. In particular, linear transition of sampled
variables from the memristive oscillator and accompanying
with time scale (such as time step for the nonlinear oscillator)
can define a group of new variables, which are combined to
build function maps. It provides theoretical evidence and
guidance to design functional maps rather than giving
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mathematical maps arbitrarily. The obtained functional maps
have good covariant feature with the original functional os-
cillators. For example, removing the subscript for the vari-
ables in the map will show the same form in the formula for
nonlinear oscillator. As a result, a suitable energy function
with the same weight for capacitive, inductive and memris-
tive terms can be obtained for the memristive map in theo-
retical way. We also suggest an adaptive law to control one
memristive parameter in the map under energy flow, mode
transition occurs accompanying with energy shift during the
mode transition. It explains the self-adaption property in map
neurons from energy aspect. For further application of digital
circuits and intelligent computation based on maps, readers
can refer to this work and then some feasible maps can be
designed from physical aspect. The suggested functional
maps can be used for exploring pattern stability and wave
propagation in the networks composed of maps [71-74]. The
scheme throws insights on the study the maps coupled with
discrete memristor [75-80]. The scheme is also helpful for
presenting reliable map neurons and further application of
setting map networks. Memristive terms accounts for the
emergence of multistability and coexistence of more attrac-
tors, and it also provides energy source for some controllable
neural circuits and biological neurons [81,82]. It is worthy of
investigating the collective behaviors and self-organization
of networks composed of reliable neurons, and thus re-
searchers can find bridges to discover the potential dyna-
mical mechanism for some neural disease [83,84].

This work was supported by the National Natural Science Foundation of
China (Grant No. 12072139).
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Abstract Neural electrical signals forced the muscle
tissue to behave effective body gait. When neural
activities are measured in a neural circuit, artificial
electromechanical arm and leg can be controlled to
mimic the movement and even vibration of limbs. In
this paper, a simple neural circuit is used to drive an
electromechanical arm (EMA) device by activating
Ampere’s force via the load circuit adhered to the
moving beam, and the load circuit is coupled with the
neural circuit for energy conversion. The circuit
equations, field energy and moving equation of the
beam are obtained for dynamical analysis. Further-
more, two EMAs are coupled via a spring for
mimicking the cooperation between two arms or legs
during synchronous movement, and then the same
electrical signal is used to control the moving states of
the coupled EMAs. This processing can describe the
synchronous movements of two arms along horizontal
linear motion under neural stimuli. Noisy disturbance
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is applied to detect and predict occurrence of stochas-
tic resonance in the moving beams by calculating
signal to noise ratio, and the average Hamilton energy
vs. time is effective to predict the emergence of
nonlinear stochastic and coherence resonance by
approach the average power from physical aspect.
The results provide helpful guidance to design com-
plex electromechanical device for behaving complex
gaits. That is, neural signals can be used to excite the
electromechanical devices as muscles and then the
body gaits are controlled effectively.

Keywords Neural circuit - Artificial arm -
Electromechanical coupling - Hamilton energy -
Resonance

1 Introduction

Neural activities in nervous system depend on the
activation of neurons and interaction with astrocyte
[1-5], and the contraction of muscle tissue can be
controlled by Calcium current [6—-10]. When the
propagation of electrical signal and information
exchange in the nervous system are broken, some
neural diseases [11-15] occur and behaving normal
and safe body gaits become difficult. Besides exper-
imental approach and detection, setting theoretical
models for measuring neural activities become helpful
for predicting mode transition in electrical activities
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[16-20] and these neuron models [21, 22] can be
connected in networks for exploring the collective
behaviors [23-26], self-organization and creation of
heterogeneity and defects [27-30].

The researchers can create and propose a variety of
mathematical neuron models only when their sampled
time series for one capacitive variable can present
similar spiking, bursting behaviors by adjusting one or
more bifurcation parameters, and the external excita-
tions including noisy disturbance. In fact, it is worthy
of clarifying the biophysical property and reliability of
these suggested neuron models even all the mathe-
matical neurons can be implemented in suitable analog
circuits via circuit platform or digital signal processing
devices. On the other hand, some researchers prefer to
build a variety of nonlinear circuits by incorporating
capacitor, inductor, memristor [31-35], Josephson
junction [36-38], thermistor [39-41], piezoelectric
ceramic [42-44] and phototube [45-47] into the
branch circuit, and these nonlinear circuits are tamed
to present similar firing patterns as observed in the
biological neuron, and the reliability of these models
can be confirmed in the recent review [22].

A single capacitive variable is helpful to measure
the electrical activities in cell membrane and the
material property will be left out even more linear term
and nonlinear terms are introduced to estimate the
regulation and interaction from ion channel currents.
During equivalent circuit approach, one capacitor in
parallel with other branch circuits composed of the
elements such as induction coil, constant voltage
source, resistor and other nonlinear elements. As a
result, sampled time series for the output voltage from
the capacitor will be detected to keep pace with the
experimental data from biological neurons. Indeed,
considering the martial property and layer size, two
sides of the cell membrane have different distribution
of electromagnetic field and the membrane potential.
Therefore, it is important to involve the membrane
property on the energy regulation and mode transition
in neurons by introducing two capacitive variables in
the neuron model [48-51], one for the outer membrane
and another variable for the inner membrane of the
biological neurons. During circuit approach for double
capacitive variables in a neural circuit, two capacitors
connected via a functional component are effective to
mimic the physical property of the double-layer cell
membrane [52, 53]. Clear definition of energy func-
tion for neurons is crucial to explore and discover the
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potential mechanism for adaptive growth of intrinsic
parameters and mode transition in neural activities of
functional neurons [54-56].

From neural signal driving to muscle response
accompanying with suitable body gait, energy is
propagated and converted from electrical energy to
mechanical energy. In practical way, load circuit
adhered to the beam or jointed compound pendulum
can be excited by Ampere force when the electrome-
chanical arm or legs [57-60] are exposed to external
magnetic field. In the recent works [61-64], neural
circuit and its coupled array are activated to control the
movements of artificial arms and legs. For a brief
guidance, please see our recent review and comments
[65]. When human arms or legs are disabled, it is
worthy of designing reliable electromechanical device
to provide possible aids for keeping normal body gaits.
Neural signals control the muscles, and relaxation and
contraction of muscles are crucial to regulate the
skeletal movement including horizontal moving and
rotation via the joint. Complex body gaits require the
cooperation of two arms (or two legs), which are also
connected and coupled via body tissue and skeletons.
For simplicity, we just discussed the simple horizontal
movement of a single arm and synchronous move-
ments of two coupled arms by applying neural signals
on the load circuit of the electromechanical arm(s). In
this work, we proposed a simple neural circuit to drive
a couple of electromechanical arms, and the cooper-
ation between two arms/legs can be simulated and
explored in dynamical aspect. Noisy disturbance is
applied to detect stochastic resonance of the neural
circuit-coupled electromechanical device and syn-
chronization stability between two coupled arms.
Electric signals from the neural circuit is used to
couple the load circuit of the electromechanical arm
by generating Ampere’s force, and the moving beam
behaves similar gait as arm(s) following horizontal
reciprocating motion.

2 Model and scheme

Considering the energy characteristic in biological
neurons, capacitive variable derived from a capacitor
and inductive variable accounting for channel current
across an inductor are used to build neuron models
composed of high order nonlinear terms. The capac-
itive variable bridges connection to membrane
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potential of a neuron and it is approach by the output
voltage of capacitor in the branch circuit, inductive
variable links to the current due to ions propagation in
the cell. Involvement of nonlinear term results from
the estimation of complex energy exchange and
interaction between magnetic field and electric field
of the neuron during ions diffusion and exchange.
Therefore, a simple neural circuit presented in Fig. 1 is
used to explore the neural activities and energy level in
a neuron under external stimulus.

A cubic term for the voltage variable of capacitor is
defined to simulate the channel current across the
nonlinear resistor NM, and standard circuit equations
can be obtained to discern the relation between
physical variables (V, iy) following the Kirchhoff
theorem. The voltage dependence on the current in
Fig. 1 are restricted by

Ly 1V
l = —— — =T
dv, )
Cdd—tc_ s — 1L —INM (1)
79
— = V.
dt ¢

The intrinsic parameters (Vj, p) relative to the NR
can be detected in experiment way by measuring the i-
v curve. The physical variables are replaced with

dimensionless variables under the scale
transformation,
V ) t ) 2C
u:_cavzyar:—vig‘zﬂvll:p— (2)
Vo Vo ,OC Vo L

Fig. 1 Neural circuit driven by forcing current i,. Inductor L,
nonlinear element NM and capacitor C correlate the variables i,
inms o, respectively. NM can be selected as nonlinear resistor,
memristor, Josephson junction or other functional electric
components
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Inserting the new variables (&, v) and parameters in
Eq. (2) into Eq. (1), an equivalent neuron model is
obtained by

du n 1,

—=ig—v+tu—zu;

& 3 (3)
dT—/Llu.

In generic way, the external stimulus i’y can be
imposed with different values for changing the
excitability of the neuron, and then distinct mode
transition from periodic to chaotic patterns can be
induced accompanying with emergence of spiking and
bursting states. Noisy disturbance on the membrane
potential u will induce coherence, stochastic reso-
nance, and chaotic resonance by taming the noise
intensity and external forcing current carefully.

2.1 Single electromechanical arm (leg) driven
by neural circuit

The neural circuit presented in Fig. 1 is used to couple
the load circuit adhered to the electromechanical arm
(EMA). According to Fig. 2, the output voltage from
the capacitor excites the load circuit and the Ampere
force drives the motion of the beam, and the move-
ment is also controlled by the spring and damping
force in this device. The clarification of working
principle of Fig. 2 can refer to our recent review [65].

When the external magnetic field is fixed, any
switch of the channel current ig;, across the load
circuit will change the Ampere’s force, and then the
EMA will modify its moving states including the
velocity and direction. The coils adhere to the U
shaped rod/beam has N rounds, and the moving beam
measures its quality mg. The displacement x and
moving velocity y for the driven beam are controlled
by

dx
— =y

dr

dy 2v . 1 K (4)
—_ = —BlolEM -y ——X.

dt mg mo my

Where the parameter u represents damping gain, K
is the elastic coefficient for the spring, [, is the coil size
(width for the U bracket). The dynamics in the EMA
and moving beam is described by

@ Springer



1608

Y. Guo et al.

Y

% INM
T ®
Fig. 2 Schematic diagram for neural circuit interacted with the

electromechanical arm (EMA). B locates the external magnetic
field, and the variable x denotes displacement of the moving

Cch .
—=ig—iL—1 l 5
ddt N L NM — 'EM,
Il
L— = Vg;
dtd' ¢
LEM iZM = VC - 2NBloy; (5)
dr =Y
dy 2N n K
—=—Blyigy ——y——x.
\ dt my my m

These physical variables are replaced with dimen-
sionless variables under scale transformation as
follows

Yo Ly
VO ) A I pC7 EM
_ Pim , _pis , _pC . p’C,
- )lS__ull —712 P
Vo Vo L Ley (6)
P 2NBl%p . x . pC
3 = X = -
LenVo ly lo
2pC*NBV, pCn p?C’K
a= b= k1 = .
mo mo mo

Inserting the defined variables and parameters in
Eq. (6) into Eq. (5), the dynamics is calculated by

%:il—v—}-u—lzf—i' .
gr N 3 EM>
d—v = lu;
T
dz,
B — o — Ja; (7)
dt
dx —
g‘g\ - y7
Y ; .
I iy — by — ki X.
@ Springer
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beam. The driving current igy, derived from the left neural
circuit generates Ampere’s force in the load circuit of the EMA

From dynamical viewpoint, external stimulus 7,
which can be derived from physical signals including
acoustic wave, illumination and even electromagnetic
excitation, controls the excitability of the neuron. The
firing modes are controlled by the external excitation
and feedback regulation from the load circuit in the
EMA. Within physical level, external stimulus injects
energy into the neural circuit, and a part of energy is
converted into mechanical energy for supporting
continuous movement of the beam (artificial arm).
The field energy W; in the left circuit and the
mechanical energy W, for the moving beam are
defined by

1 2 1 2 1 2
Wi = = CV¢ + = Li; + = Leyigy;

p e ®
W, = EKXZ + Emoyz;

The total energy value for the coupled neural circuit
and EMA gives W=W;+W,. By applying scale
transformation on the physical energy in Eq. (8), the
dimensionless parameters and Hamilton energy are
given in for obtaining dimensionless energy in the
neuron H,, load circuit H, and total energy H.

(PP KE i
W 7 o Lont My = CV2 » Ha = 2C3V2 3
H = H, + Hy;
w1 v 102
JERLINE L
cvy 2 20 2 1y
= = — X"+ = .
| 72 cv2 M3 o Hay
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The neural circuit can receive and perceive external
noisy excitation due to uncertain fluctuation of electric
field. In presence of stochastic force on the moving
beam, its displacement will be controlled by noisy
disturbance. Therefore, two kinds of noisy distur-
bances are applied to affect the dynamical response in
this activated EMA as follows

%:ig—v+u—%u3—iﬁw+ﬁ(7)§

g—g_i]u,

ZE = /ot — A3Y; (10)
—)’+§2()

A_azEM by — ki x

For simplicity, two kinds of noisy excitations
including &;(t) and &,(t) are considered as Gaussian
white noise, and the statistical characteristic with zero
average value for the noise at intensity D is measured

by
<&(1r) > =0, <é(r)é(s) > =2Ddé(t—s);  (11)

By changing the noise intensity carefully, stochas-
tic can be induced by measuring the signal-to-noise
ratio (SNR) or the average energy function <H> or
<H,> within a transient period. The symbol <*>
indicates an average calculation of wvariables or
function within the running time during numerical
approach. SNR is approached by detecting the peak
value in the power spectrum by applying Fast Fourier
Transform (FFT) on the variable series, and it defines
as follows [66]

f,;zeak
peak A f

SNR = 101log 10 (12)
where P, is the maximal value in the power
spectrum at certain noise intensity, f,..x and Af
describe the corresponding frequency for and half
peak width for this peak value P, respectively. In
presence of stochastic resonance [67-70], the driven
system captures enough energy and then SNR and
<H> will keep highest value to support high regula-
tion, for example, the neural activities show periodic
oscillation. In the following numerical approach, the
sampled time series for variable u will be used to
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calculate the distribution of SNR when noisy distur-
bance is imposed on the neural circuit by regulating
the membrane potential/voltage. On the other hand,
the sampled time series X are used to estimate the SNR
when different noisy excitation is applied to control
the displacement directly.

2.2 Double electromechanical arms and legs
driven by neural circuit

A bird has a pair of wings and a health human has a
pair of arms and legs, therefore, perfect cooperation
between the arms, wings and legs are crucial to keep
safe body gaits. As presented in Fig. 2, a couple of
EMAs are driven by the same electrical signals from
the neural circuit.

When the left neural circuit in Fig. 3 is activated by
applying external forcing current i, the output current
ipy 1s regulated accompanying with different firing
patterns in the neural circuit. The same parameter
setting in the load circuits generate identical Ampere’s
force on the EMAs and then they prefer to keep
synchronous movement under bidirectional coupling
via the connection spring. The correlation between the
physical variables of Fig. 3 is expressed by

Cch L .
—— =iy —ip — inm — iEM;
ddt s — L — inv — IEm
L
LEE = Ve
dtd. C
i
Lgm ;tM = Vc — 2NBly(y1 + 2)
1
ddt ;\’/ K k
% = S Bloigy — -y ——x; —— (X1 — x2);
t mo my my mo
dx,
ddt ;\’/ K k
% — S Bloigy — ~yy — —xp — — (X2 — x1).
t my mo my mo

(13)

where (x1, x,) and (y;, y») denote the displacements
and velocities for two moving arms/ beams. Complete
scale transformation is applied on the variables and
parameters in Eq. (13) and a new group of dimen-
sionless variables and parameters are updated by
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Fig. 3 Schematic diagram for neural circuit coupled with
double electromechanical arms. Two moving beams (arms) are
coupled via a spring with the spring coefficient k. The load
circuits of the two EMAs are driven by the same channel current

Ve irp t
U=—,V=—-,7T=—,
V() V() pC
o PlEm g Pis _pC ; _rC
EM VO PN VO s M _L s 12 —LEM
2NBBp
BETN
EM V0
14
. x . x . pC (14)
X — ., Xy = = —
1 I’ 2 ZOJ1 lo Y1,
. pC 2pC*NBV, pCh
Y2 l—y2a = ab = )
0 mg my
2C’°K 2C%k
kl — p 7kl — p
mo mo

Similar to Eq. (6) for single EMA, the dynamics in
the two coupled EMAs are approached by inserting the
definitions in Eq. (14) into Eq. (13). When two EMA
are endowed with the same spring, their spring
coefficients keep the identical value k and the dynam-
ics is calculated in Eq. (15a). Considering the diversity
and difference between two EMAs, setting different
spring coefficients for the two moving beams, for
example, the spring coefficient for each EMA is
marked as k; and k,, the cooperation between two
moving arms can be explored in the dynamical model
in Eq. (15b).

@ Springer

and they are exposed to the same magnetic field. Spring
connection between two EMAs is similar to the connection
between two arms by using muscle and skeleton, so that they can
keep synchronous cooperation

— =3 (15a)

Sy (15b)

= aiEM — b)?2 — kz)fz — kl()ez —)61).

For two coupled EMA, the field energy is given in
similar form presented in Eq. (16),
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1 2 1 2 1 2 1 2
W, = ?CVC + ElLlL + 5 EMLlgy + ELEMLEM;

(16)

For two identical EMAs, K| = K, = K, the energy
function (W = W;+W,) in Eq. (16) is simplified and
the two EMAS can be driven to present synchronous
movement. Furthermore, dimensionless energy for
two coupled EMAs are updated as follows

W PC PC K KR m K
VUL Ly v T evi™t T o3V T vy

w1 v 2
== s o M

Georoh

2 A ~ ~ A
H, :Cfvgziﬂsxf +§H/3X% +§,u4(yf+y§).
(17)

When the two EMAs select the same spring
coefficient as K; = K, = K, the dimensionless
parameter 3 = '3 and  energy  function
H = H, + H, in Eq. (17) is simplified because the
gain for the spring energy is the same. Applying noisy
forcing on the moving beam and membrane, the
dynamics is calculated by

(du 1 )
g—:zs—v—&-u—ng—zjw—i-il(r);
v
Y2
g?; 1U;
l A ~ ~
d{fM = Jatt — 23(¥y +Ya);
T =N &) (18)
&
L g, — by — ki — K () — 5);
dr
d—2:f2+52(75);
s
% = ailyy, — by, — katy — K (¥ — 51).
T

The same stochastic forcing is applied to affect the
movement of the two coupled beams. In presence of
parameter mismatch, the two coupled EMAs are
blocked by different damping forces even they are
forced by the same Ampere force, and then phase lock
is induced between two moving EMAs. From dynam-
ical aspect, the external current can be adjusted to
control the neural circuit showing different firing
patterns, and the channel current across the EMAs will
select different values for inducing suitable Ampere
force. Interaction between the Ampere force, damping
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force and bidirectional coupling via spring connection
will control the synchronous movements of the
coupled EMAs completely.

3 Numerical results and discussion

The fourth order Runge-Kutta algorithm can be
applied to find numerical solutions for the variable
series from the oscillator-like dynamical models in
Egs. (7), (9) and (18). In presence of stochastic
disturbance, Euler forward algorithm is effective to
describe the statistical analysis from the sampled time
series for the variables. In Fig. 4, the time series for
membrane potential are calculated for common bifur-
cation analysis and the mode dependence on the
external stimulus Acos(wt), which is imposed on the
membrane variable in Eq. (5).

From Fig. 4, the two-variable neuron can be
controlled to present different firing modes, and the
appearance of positive Lyapunov exponent indicates
that this neuron can be excited to generate chaos in the
electrical activities. For better illustration, the forma-
tion of attractors and membrane series are plotted in
Fig. 5.

That is, changes of the angular frequency of
external forcing can develop different attractors and
the firing patterns are controlled completely. When the
neural circuit is activated to excite the load circuit in
the electromechanical arm (EMA) presented in
Eq. (7), the beam is forced to change its displacement
in Fig. 6.

From Fig. 6, the EMA shows its displacement
between positive and negative values, it means that the
beam move forward and backward in continuous way.
Changeable channel current in the load circuit adhered
to the moving beam controls the motion of the beam or
EMA. It is interesting to clarify the energy character-
istic of neural circuit and moving beam defined in
Eq. (9), and the results are shown in Fig. 7.

In fact, external stimulus injects energy into the
neural circuit, and a part of field energy is shunted to
flow across the load circuit and then converted to
mechanical energy. On the other hand, the moving
beam generates electromotive force via the load circuit
and feedback is applied to regulate the driving in the
neural circuit accompanying with energy interaction.
The driving neural circuit shows periodic firing mode
and then the moving beam prefers to show similar
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Fig. 4 Distribution of peak values for membrane potential (al,
b1, cl) and Lyapunov exponent (LE) (a2, b2, c2) by applying
periodic stimulus on the neural circuit. For (al, a2) o = 0.8,

41 =03;b1,b2A =06, =03;¢cl,c2A = 0.6, » =0.8.
Setting initials (0.02, 0.01)

Fig. 5 Evolution of 3

membrane potential and a 1) 1.6 (a2)
formation of attractors in the
neural circuit under different
forcing currents. For al, a2 u 0 uOO i
spiking @ = 0.5; b1, b2
chaotic firing w = 0.8.
Setting A = 0.6 and 3 . . . . . .
=03 0 100 200 300 400 500

T

3 1)
240
370100 200 300 400 500 -3 0 3
T \%

periodic firing patterns. In Fig. 8, the motion of the
EMA is calculated.

The EMA keeps periodic motion even the neuron is
activated to present chaotic patterns, the potential
mechanism is that the load circuit imposed effective
feedback on the driving neural circuit. In Fig. 9, the
energy exchange and changes in the EMA and driving
circuit are plotted.

The neural activities in the driving neural circuit
show chaotic states while the load circuit keeps
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periodic firing accompanying with periodic moving
in the beam. H,—H, keeps positive value, and it
indicates that the neural can release enough energy to
excite the EMA. Furthermore, the energy proportion is
calculated in Fig. 10 when the driving neural circuit is
excited to present in periodic and chaotic modes,
respectively.

The mechanical energy term keeps lower propor-
tion in the total energy H. In presence of periodic
firing, the neural circuit keeps higher proportion for
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Fig. 6 Changes of displacement and velocity in the moving
beam. Setting parameters as a = 0.2, b = 0.3, k; = 0.1,
A =034 =04,4;=03,A = 0.6, » = 0.5, and the initials
(0.02, 0.01, 0.01, 0.2, 0.1).

Fig. 8 Changes of displacement of EMA a and velocity
evolution b. Setting parameters a = 0.2, b =0.3, k; = 0.1, 1; =
03,4,=04,73=03,A=06,0=0.8

0.16 (b)
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Fig.7 Energy evolution of the neural circuit and moving beam.
Setting parameters a = 0.2, b =0.3, ;=0.1, 1, =0.3,
Jo =04, 13 =03, A = 0.6, ® = 0.5. For a energy function

the capacitive terms and the energy in the load circuit
also keeps a higher proportion than the case that the
neuron is excited to show chaotic states. It is
interesting to discuss the case under noisy excitation.
When the moving beam is excited by noisy distur-
bance, which noisy excitation is imposed to excite the
fourth variable in Eq. (10). In presence of noisy
disturbance on the membrane potential, the noisy
driving is applied to excite the first variable in
Eq. (10). Based on the sampled time series for
membrane potentials, energy function is calculated
and the distribution of SNR values and average energy
<H> is respectively plotted in Fig. 11. When noisy
excitation is applied to affect the membrane potential
u, the SNR is calculated by using the sampled time
series for variable u when noise intensity is changed
carefully. On the other hand, direct stochastic excita-
tion on the moving beam by adding noisy excitation on
the displacement will obtain the SNR values by using

<H>=2.44] 500

for the driving neuron; b energy for load circuit; ¢ energy
diversity between neural circuit and load circuit; d total energy
H for neuron and EMA

the sampled time series for the displacement variable
X.

From Fig. 11, it is demonstrated that distinct peak is
detected in the curve for SNR and average energy
under moderate noise intensity. However, it requires
different threshold in the noise intensity for inducing
stochastic resonance when noise is imposed on
different positions in the neural circuit-coupled
EMA. Noisy disturbance on the first membrane
variable accounts for the stochastic excitation from
external electrical field, while noisy excitation on the
displacement variable results from external stochastic
force on the moving beam.

Above all, we discussed the driving and response in
the EMA with single arm and it is worthy of exploring
the synchronous motion for double arms in the EMA.
As presented in Fig. 3, the load circuits for the two
EMA are excited by an identical current. When the
two EMAs are endowed with identical parameters,
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Fig. 9 Energy evolution of the neural circuit and moving beam.
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Fig. 10 Energy proportion in the neuron coupled EMA. Hand
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they will behave synchronous motion all the time.
However, any parameter diversity in the two EMAs
will induce parameter mismatch in the parameters, and
complete synchronization becomes difficult for the
two coupled EMAs. For simplicity, we consider the
case that two EMA has some difference in the spring
coefficient, and then dimensionless parameters (k, k»)
are selected with different values. Without applying
external noise, numerical series can be obtained from
Eq. (15b). The difference between displacement and
velocity for the two EMAs are plotted in Fig. 12.

When two EMAs are selected with different
parameters, complete synchronization is broken. As
a result, and the interaction between two EMAS is
regulated via the connection spring for possible energy
balance. In Fig. 13, the energy evolution in the driving
neuron and EMA is respectively calculated, and the
energy definition is given in Eq. (17).

The energy functions for the driving neuron (pre-
sented in periodic firing mode) and the moving beams/
EMAs become time-varying during the interaction
between the neural circuit and EMAs. From Fig. 13c,
the energy from the driving neuron H; is larger than
the mechanical energy in the moving beam at H,>H,,
it indicates that the neural circuit shunted energy to the
EMA and then the moving beam is controlled
effectively. Furthermore, the error evolution for
displacement and velocity diversity is respectively
calculated in Fig. 14 when the neural circuit is excited
in chaotic mode.

The displacement error between two moving
EMAs/beams shows periodical oscillation and they
seldom keep synchronous motion even the connection

0.4 .(a
X — X, 00
-0.4f , ,
0 250 500
T
0.2} (b
Y, —y,00
02 -
0 250 500
T

Fig. 12 Evolution of displacement error and velocity error for
two coupled EMAs. Setting parameters a =0.2,5=0.3,k, =0.1,
ky=0.2,k' =0.1,2,=0.3,2,=0.4, 13=0.3, A= 0.6, » =0.5. For
a displacement error; b velocity difference between two coupled
EMAs

130

spring between two beams keeps active regulation.
Furthermore, energy changes are estimated in Fig. 15
when chaotic signals from the neuron are used to
excite the coupled EMAs.

Compared the results in Fig. 15 with the results in
Fig. 13, the driving neuron prefers to keep higher
average energy <H,>and the average energy diversity
is increased when the neural circuit is excited in chaos
than the case for periodic firing mode in the neural
circuit. The average value for mechanical energy
<H,> showed slight decrease than the case presented
in Fig. 13b. However, the average of total energy
function <H> presented slight increase under chaotic
excitation, and it is different from the case in Fig. 13
Similarly, the energy proportion is calculated in
Fig. 16 when the two coupled EMAs are excited by
periodic or chaotic signals from the neural circuit,
respectively.

The energy proportion in Fig. 16 is some different
from the distribution map in Fig. 10. Desynchroniza-
tion between the two coupled EMAs applied different
feedback regulation on the load coils and it channel
current is changed with time. The load circuits adhered
to the moving beam keep higher energy proportion
than the energy terms in the neural circuit. That is,
non-synchronous motions in the two coupled EMAs
cost high energy flow and more energy from the
driving neural circuit is pumped into the load circuits.
Similar stochastic resonance is explored by adding
noisy excitation on the neural circuit and the moving
beams, defined in Eq. (18), and the results are plotted
in Fig. 17.

When two EMAs are coupled, similar stochastic
resonance is induced and the average energy can
obtain peak values under moderate noise intensity. It
requires a different threshold of noise intensity
supporting the stochastic resonance presented in
Fig. 11. Figure 11 discussed the case for single EMA
driven by a neural circuit, and it is found that
stochastic resonance can be induced no matter whether
noisy excitation is applied to control the neural circuit
or the moving beam directly. Fig. 17 explored the case
about stochastic resonance in two coupled EMAs with
parameter mismatch, and it is confirmed that noisy
excitation is effective to induce similar stochastic
resonance by taming the intensity of noise intensity.
Both Figs. 11 and 17 show that the maximal values for
SNR show some diversity when noisy disturbance is
applied to excite the membrane potential variable u
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Fig. 13 Energy evolution of the neural circuit and moving
beam. Setting parameters a = 0.2, b =0.3,k; =0.1,k, =0.2, k' =
0.1,41=03,4=04,23=03, 11 =03, 11, =04, u3=0.3, uu =
0.5, us = 0.4, A = 0.6, ® = 0.5. For a energy function for the
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Fig. 14 Evolution of displacement error and velocity error for
two coupled EMAs. Setting parameters a =0.2,5=0.3,k, =0.1,
ky=02,K=0.1,1,=0.3,2,=04, 13=0.3, A= 0.6, » = 0.8. For
a displacement error; b velocity difference between two coupled
EMAs

T <H>=3.366

driving neuron; b mechanical energy for two coupled EMAs;
cenergy diversity between neural circuit and load circuit; d total
energy H for neuron and two coupled EMAs

and the displacement variable X, respectively. From
physical viewpoint, any noisy disturbance can inject
some energy into the mechanical or physical systems.
Noisy excitation on the displacement variable means
that direct energy injection into the moving beam and
mechanical energy is regulated under the external
Ampere’s force and damping force, as a result, regular
moving state can be induced. Noisy disturbance on the
membrane potential variable u just modified the firing
modes in the neural activities, and a part of energy
flow is shunted to the EMA for keep regular moving
states. SNR has similar roles as average power and
<H>, direct energy injection is more effective to keep

0.12
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Fig. 15 Energy evolution of the neural circuit and moving
beams. Setting parameters a=0.2,5=0.3,k;=0.1,k, =0.2,k' =
0.1, }L] = 03, /12 = 04, 13 = 03, Ui = 03, U = 04, Uz = 03, Ha =
0.5, us =04, A = 0.6, w = 0.8. For a energy function for the
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driving neuron; b mechanical energy for two coupled EMAs;
c energy diversity between neural circuit and load circuit; d total
energy H for neuron and two coupled EMAs
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Fig. 16 Energy proportion in the neuron coupled EMAs. H¢
and H|, for capacitive and inductive terms in the neural circuit,
Hj, for inductive energy in load circuit, H, for the total energy in
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regular states under noisy excitation. Surely, we can
use the time series for the same variable to calculate
the distribution of SNR no matter whether noisy
disturbance is applied to affect the displacement
variable or the membrane potential variable directly,
and appearance of stochastic resonance, coherence
resonance can be predicted and detected effectively.
For realistic systems, two arms/legs often have
parameter difference because of material property
diversity in the muscles. For example, the left arm and
right arm can lift different heavy objects and they also
can behave different body gaits. However, they can be
guided to present synchronous movement under the
electric signals from nervous system by control the
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muscles [71-74]. For clear illumination, the phase
error is calculated in Fig. 18 by taming the noise
intensity carefully.

By taming the noise intensity, the two coupled
EMA s can show phase lock and phase synchronization
due to continuous excitation from noise and chaotic
signals from the neural circuit. Linear fitting for the
phase portrait in Fig. 18(a2, b2, c2, d2), phase lock
@1:¢, can be estimated at different levels (0.61, 0.82,
0.81, 0.99) and it is confirmed that involvement of
noisy excitation can change the phase lock between
two coupled EMAs. Indeed, similar cases can be
explored when two EMS are driven by two different
neural circuits, which can be connected with a resistor
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or a memristor. In this way, any breakdown in one
driving neural circuit still controls the coupled EMAs
effectively.

In a summary, neural circuit can be excited to force
the motion of single EMA and two coupled EMASs by
pumping field energy into the load circuit, and a part of
energy is converted to mechanical energy. On the
other hand, the moving beam/arms have distinct
feedback on the neural circuit via the channel current
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across the load circuit. Involvement of noisy distur-
bance or excitation can regulate the moving state of
the EMA and phase lock between two coupled EMAs.
The results in this work provides possible guidance to
design a array of coupled neural circuits for driving
more coupled EMAs, and thus the EMAs can behave
more complex and flexible body gaits. For simplicity,
the external forcing currents imposed on the neural
circuits in Figs. 2 and 3 are selected with periodic
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forms. Indeed, the neural circuit can be excited by
realistic signals, which are filtered or converted from
acoustic wave, photoelectric signal and even chemical
signals by incorporating specific electric components
into the additive branch circuit of the neural circuit.
For example, a phototube can convert external
illumination into photocurrent for discerning the
changes of external optical field. A piezoelectric
ceramic can perceive external acoustic wave by
converting voice into acoustic and electrical signals.
A gas sensor can detect and convert external odor or
chemical signal into voltage-controlled signal. In
practical way, thermistor can also be connected to
the neural circuit and thus the output voltage becomes
dependent on temperature. That is, by incorporating
specific components into the neural circuit, the EMAs
will be controlled by the physical or chemical signals
effectively. In our study, the EMAs are connected in
series and their load circuits keep the same channel
current. In fact, two neural circuits can be coupled to
drive the two coupled EMASs and it prevents possible
breakdown in the control of the coupled EMAs, for
example, the motion of the EMAs can be controlled by
another neural circuit when any damage occurs in one
neural circuit. To behave complex gaits similar human
arms, more elements/beams can be jointed and an
array of neural circuits can be used to control the
beams directly and synchronously. This work just
discussed simple movement of arms under horizontal
direction, and the movement of EMAs depends on the
activation of Ampere’s force. In fact, jointed pendu-
lums are more effective to mimic the moving states
and body gaits when artificial muscles are excited by
neural signals, and arm movements can be reproduced
with similar mechanical characteristics [75-78]. For
example, gear driving, electronic motor winds flexible
ropes can be used to simulate the processing of muscle
relaxation and contraction, readers can explore these
topics under the mentioned suggestions. Our discus-
sion prefers to the dynamical property of electrome-
chanical arm(s), while jointed pendulums can exhibit
the main static mechanical property of artificial
mechanical arms. Readers can replace the neural
circuit in Fig. 1 by using different functional electronic
components, and electronic motor can be used to
generate continuous force so that external magnetic
field can be removed without using Ampere’s force.
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4 Conclusions

In this paper, a simple neural circuit-coupled EMA
device is proposed for dynamical analysis in artificial
arms. Stochastic resonance is induced by applying
noisy excitation on the neural circuit and moving
beam, respectively. Noisy excitation on the displace-
ment of the moving beam and the driving neural circuit
has different working mechanism accompanying with
energy injection into the electromechanical coupling
system composed of artificial arm and neural circuit. It
is helpful to mimic the processing of muscle driven by
electrical signal and provides clues to deign artificial
arm or leg to aid disabled animals. The moving states of
the beam/arms along horizontal direction depend on
the interaction and competition between damping
force and Ampere’s force, and the electromechanical
arm prefer to keep periodic movements when neural
signals are propagated to excite the load circuit of the
EMAs. Furthermore, a couple of EMAs with parameter
mismatch are excited by the neural circuit, and safe
signal propagation from the neural circuit is effective
to synchronize two identical EMAs. Considering the
parameter diversity in two coupled EMAs, for exam-
ple, spring coefficients have slight differences, and the
two EMASs can be controlled to keep synchronization
stability or phase lock. External stochastic excitation
on the moving beams coupled by a simple spring can
enhance the occurrence of phase synchronization. It
provides insights to design coupled EMAS to behave
more complex body gaits and states.
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ABSTRACT

In this work, two flexible ropes are winded to an electronic motor in opposite directions and the other terminal
ends are pinned to two jointed points for mimicking the artificial muscles. Electrical signals from a neural circuit
are used to control the rotation of electronic motor(s), and the pulling forces along the flexible ropes control the
rotation angles of the jointed pendulums as legs. The leg gaits are investigated in dynamics by changing the
channel current shunted from the neural circuit, and the electronic motor-controlled flexible ropes behave as
artificial muscles. A single neural circuit and two coupled neural circuits are used to control the electrome-
chanical legs by adjusting the forcing current. The neural circuit drives the electronic motor and then jointed
pendulums are controlled. The circuit equations, rotation equations and energy description are presented. It

provides possible guidance to design artificial muscles for aiding disabled legs and arms.

1. Introduction

When neural signals are propagated to the leg muscles, contraction
and relaxation of gluteus maximus muscle (GMM), biceps femoris
muscle (BFM), lateral thigh muscle (LTM) and tensor fascia lata muscle
(TFLM) will control the rotation and movements of femur, tibia and
fibula. As a result, different leg gaits are activated to keep body balance.
Any damage or disability in these muscles will affect the leg gaits and
keeping safe body gaits becomes difficult. From mechanical viewpoint,
the femur, tibia and fibula are connected to generate similar dynamical
behaviors as two jointed pendulums. When a flexible rope or string is
winded to an electronic motor, clockwise and counterclockwise rotation
of the electronic motor will relax or contract the length of the rope as
muscle movement. Muscle contraction [1-5] is a fundamental charac-
teristic of muscle tissue, referring to the mechanical response that occurs
in muscle fibers after receiving stimulation. The maintenance of body
posture, spatial movement, complex movements, and respiratory
movements are all achieved through muscle contraction activities
[6-10]. According to the theory of muscle filament sliding, the basic
process of muscle contraction is: muscle cells generate action potentials,
causing an increase in calcium concentration in the muscle plasma,
which binds to troponin C. Troponin undergoes conformational changes,
weakening the binding between troponin I and actin. Protomyosin un-
dergoes conformational changes, exposing binding sites on actin
[11-15]. The transverse bridge binds to actin, causing the transverse
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bridge to twist and drag the thin muscle filament towards the center of
the thick muscle filament. Through the transverse bridge cycle formed
by the binding, twisting, dissociation, and re binding and re twisting of
the transverse bridge and actin, the fine filaments continuously slide and
the muscle segments shorten. The energy source during muscle
contraction is the energy released by ATP hydrolysis [16-20].

Heartbeat results from continuous relaxation and contraction of
cardiac tissue accompanying with blood pumping [21-25], and elec-
trical signals are propagated in the cardiac tissue by generating target
waves [26-30]. However, breakup of these target waves will induce new
spiral waves, which can block normal propagation of electrical signals in
the cardiac tissue, and emergence of spiral waves in the cardiac tissue
predicts emergence of arrhythmia and further breakup of spiral waves
will induce rapid death of the heart due to fibrillation [31-35]. On the
other hand, safe body gaits are crucial for working and it is dependent on
the flexible muscles, which are controlled by different neural signals
from the nervous systems. That is, continuous electrical stimuli can
control the muscle contraction and relaxation, and then the bones are
pulled and guided to keep suitable body gaits including legs and arms,
and then movements are activated.

A simple nonlinear circuit can be controlled to present similar
spiking and bursting patterns as those biological neurons, and these
spiking or bursting circuits are considered as neural circuits. By applying
scale transformation on the circuit equations, a dimensionless nonlinear
oscillator can be approached as generic neuron model. By adding
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0375-9601/© 2024 Elsevier B.V. All rights are reserved, including those for text and data mining, Al training, and similar technologies.
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specific terms into the neuron model, functional description is enhanced
to propose more functional biophysical neuron models, see recent re-
views and reference therein [36,37]. Besides these oscillator-like neuron
models, map neurons [38-42] can produce similar firing patterns and
for further dynamical analysis in the field of computational neurosci-
ence. To check the reliability of these neuron models, exact and clear
definition of energy functions become crucial for further understanding
the controllability and self-adaptive properties of biophysical neurons
[43-45].

The dynamics of human gaits shows complexity, and short contin-
uous recordings of the human locomotory apparatus possess properties
typical of deterministic chaotic systems [46]. Ashkenazy et al. [47]
proposed a stochastic model for exploring the dynamics in human gaits.
For dynamical analysis and control, more theoretical models have been
proposed for identifying the mechanical characteristic of body gaits
[48-52]. Stability and movement control are two main research topics
about body gaits. It is a challenge to design auxiliary electromechanical
devices to aid the movement of disabled arms and legs. Therefore, a
variety of manipulators have been proposed to control muscle move-
ments and joint motions [53-56]. Indeed, the activation of artificial
arms/ legs and mechanical arms depends on the electromechanical de-
vice greatly, which can provide powerful forces and torques to control
the muscle movements. In practical way, hydraulic drive [57-59],
artificial muscles [60-63], electromechanical drive [64-67] can be used
to control the body gaits for keeping stability or appropriate movements.
In fact, the electromechanical devices can be controlled by electric sig-
nals from a neural circuit or coupled neural circuits, and the nervous
signal regulation on body gaits can be explored in the
electromechanical-coupled neural circuit, see recent works and refer-
ences therein [68-70].

In this work, two jointed pendulums driven by a neural circuit and
coupled neural circuits are proposed to mimic the movements of legs
controlled by muscles. The contraction and relaxation of muscles are
replaced by using flexible ropes winded to an electronic motor, and
changes of the flexible ropes can generate different tensions to the
jointed pendulums. The electronic motor is controlled by the output
electrical signals from the neural circuit. It designs a kind of artificial
muscle by building suitable electromechanical device including neural
circuit, flexible ropes, and electronic motor and jointed pendulums. The
suggested scheme is helpful to aid those disabled legs for keeping safe
body gaits and further application of robot arms and legs.

In the second section, the movements of femur and fibula are
described by two jointed beams, which are controlled by artificial
muscles. Flexible ropes are used to mimic the muscle relation and the
pulling force from muscle is controlled by an electronic motor, which is
controlled by the electric signals from neural circuits. The movement of
the electromechanical devices and changes in the neural circuit are
described in detail. In the third section, numerical results are provided to
show the mode transition in the neuron and neural circuits, rotation
movement of the electromechanical device. In the last section, conclu-
sion and suggestions are supplied for further investigation with this
topic.

2. Model description and discussion

Muscle contraction is the phenomenon of muscle contraction
response to external physical and chemical stimuli. It usually means the
contraction of vertebrate skeletal muscles through the transmission of
activity potentials. A single action potential produces a single contrac-
tion, while repeated activity potentials will generate a rigid contraction.
Muscle contractions that do not occur through activity potentials are
mostly caused by non transmissible depolarization. If depolarization is
limited to local muscles and is transient, it is called local contraction.
Depolarization, if it is sustained throughout the muscle, is called
constrictive contraction [71,72]. The sustained contractions observed in
smooth muscles are generally referred to as spasms, but many ones are
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still accompanied by repeated activity potentials or sustained depolari-
zation [73,74]. However, the sustained contractions observed in the
adductor muscles of bivalves seldom show any changes in electrical
potential, and this contraction is due to a gated structure. The three
forms of muscle contraction are shortening contraction, elongating
contraction, and isometric contraction [75-77]. Shortening contraction
finds cardiac contraction, including two forms: isotonic and isokinetic
contraction [78]. Isotonic contraction [79] accounts for the state of
movement in which muscles no longer increase in tension when resisting
constant resistance, such as lifting a barbell. Isokinetic contraction [80]
refers to the constant speed that the muscles resist external resistance,
producing maximum tension, and is a mutual adaptation of forces. For
example, stretching and contracting are centrifugal contractions, which
are caused by muscle tension being lower than external resistance, such
as actions like placing heavy objects. Isometric contraction refers to
movements where muscle tension is equal to external resistance and
muscle length remains unchanged, such as plank support, inversion, and
o on.

As shown in Fig. 1, the leg gaits are controlled by the muscles and
then the femur is jointed with the tibia and fibula for behaving different
gaits.

In fact, the mechanic characteristic of the femur, tibia and fibula can
be described by the movements in a pair of jointed pendulums as shown
in Fig. 2.

Supposing the length for two pendulums as OA=l;, AB=I,, the ve-
locity relation is approached by

a0 _ w
a 'L

46, _ Ve _Vm @
ad T L L

VpCosfy = vusin(0; + 0,).

Any rotations of the pendulum OA will drag the jointed beam AB and
the object B. On the other hand, horizontal driving or excitation on the B
object/point will force continuous rotation of the jointed pendulums AB
and OA synchronously. To mimic the contraction and relaxation of leg
muscles in Fig. 1, flexible ropes are wrapped around an electronic motor
(EM) as shown in Fig. 3. The rotation direction and rotation frequency of
the EM are dependent on the intrinsic current along the rotor coils with
N turns, and the coils of the EM can be considered as load circuit, which
shunts current from a neural circuit. This processing mimics the neural
regularity on muscles movement. The artificial tissue keeps constant
tension when the EM is controlled in static state, and clockwise rotation
or anticlockwise rotation will regulate the length and tension (or pulling
force) of the flexible ropes effectively, and this processing is similar to
the relaxation and contraction of muscles.

As shown in Fig. 3, the two points (O, A) decrease its length when the
electronic motor is activated with clockwise rotation, and it indicates
that the muscle is contracted. On the other hand, counterclockwise
rotation of the EM will increase the distance between the two points (O,
A) and it means that the muscle is relaxed. The EM controlled flexible
rope OA can behave similar contraction and relaxation property as
muscles as LTM and BFM when the two ends of the ropes are pinned to
femur and tibia, respectively. In practical realization, the device in Fig. 3
should be encapsulated and adhered to the legs. When the same device
in Fig. 3 is adhered to the two jointed pendulums (OA, AB) in Fig. 2, the
intrinsic tension will be activated to control the rotation and leg gait as
shown in Fig. 1. Supposing the EM can generate a moment M, and the
EM has a radius ro, and then the tension/force T along the artificial
muscle is estimated by

MZI_SMXE:IMMWS%\XE7 M= ‘ﬁ‘ = ‘M‘7

)
M  NSBI 2 .
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Fig. 1. Anatomy diagram of leg (left) and leg skeleton diagram (right). Gluteus maximus muscle (GMM), biceps femoris muscle (BFM), lateral thigh muscle (LTM),

tensor fascia lata muscle (TFLM).

Fig. 2. Coupled pendulums for jointed femur and tibia (leg). O, A, B denotes jointed points, and the beam OA, AB rotates against the points O, A, B respectively. The
terminal end B moves along horizontal direction. Rotation of OA and AB mimic the movement of femur, tibia and fibula, respectively.

EM:electronic motor 4
O

Fig. 3. Artificial muscle is mimicked by enwinding flexible strings/ropes to an
electronic motor (EM). T denotes the tension/pulling force along the strings.
Clockwise or anticlockwise rotation in EM will change the length for OA,
muscle contraction or relaxation is realized.

T

Within the EM, it has N-turns coils and S denotes its size, B is the
intensity of magnetic field surrounded the coils, and é defines the normal
direction of coil plane. The parameter wy is the angular frequency of the
EM, and ¢ denotes the initial phase value of the motor. Ly represents
the channel current of the motor coils and it is shunted from a signal
source or neural circuit. To keep a stable leg gait, it indicates that the EM
must present a constant moment and the intrinsic tension T becomes a
constant as well. Vertical to the length direction of the pendulums (OA,
AB), the components of stress can force the two pendulums to rotate
against the jointed points (O, A) by generating suitable moments. As a
result, the jointed pendulums will change their angles (6;, 62) to keep
appropriate leg gaits.
MoaxTily =kiThily, MapxToly = koToly,

I,sinfy = I;sind,

d?6 1 I
Jl—dtzl =k Thly + kzT2ly + Nlycosfy — Plécosel — PZEZ cosfy, 3
d292 ]. Pz d202 12
242 3 E@F = kyT,l, + Nlycosf, — PZE c0s6;.

The gravities for the two jointed pendulums (OA, AB) are marked as
(P1, Py), N denotes the vertical supporting force on point B. When the
intrinsic tension T; (or T5) along the artificial muscles has an angle Q;
(or Qy) against the pendulum OA (or AB), ky=sinQ,, ky=sinQ,. The
moment (torque) of inertia for the jointed pendulum OAB is described by
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J1=(P12/3 + Po13/3 + Po12)/g = mil3/3 + mul3/3 + myl2. When external
load force is applied to the point B, the artificial muscle is regulated
adaptively and thus the jointed pendulums will keep static gait. In
presence of keeping stable body gait under torque balance, the angles
(601, 62) are stabilized at some constant values as follows

cost; = 2k11?7
! )
2k2T2

costy = .
>7p,—2N

On the other hand, time-varying contraction and relaxation of the leg
muscles will change the intrinsic tensions and then the leg gaits will be
regulated by changing the angles (01, 6-). As presented in Eq.(2), the
tensions (T7, T2) can be selected with time-varying functions, which can
present distinct periodic signals, chaotic signals and even spiking or
bursting series as the membrane potentials from some neurons devel-
oped from many neural circuits. Selecting time-varying tension (Ty, T5)
for Eq.(3), it indicates that the artificial muscles will contract or relax
with time, and then different leg gaits can be presented accompanying
with the changes of the angles (01, 65). The third formula in Eq. (3) is
much complex, and the two gait angles (0, 02) are restricted by the
second formula in Eq. (3). Therefore, Eq. (3) is rewritten in equivalent
forms by updating the second and fourth formulas in Eq.(3) as follows

lzsinag = ll sin491,
d?0, _ 3gk, T, + 3Ngcost- 3g

de2 P.l, 20,

)

= cost,.

It indicates the end point B of the coupled pendulums can move in
free way (left to right, up and down) when the vertical supporting N = 0.
The complete diagram for the leg gait controlled by artificial muscles via
the tension (T4, T5) can be presented in Fig. 4.

According to Fig. 4, any changes of the current across the EM1 and
EM2 will modify the rotational torques and the flexible rope OA or AB
will adjust its length and the intrinsic tension along the ropes.
Furthermore, additive moments for the jointed pendulums combined of
OA and AB are applied to change the gait stability. In this way, leg
movement is realized. In fact, when the electrical signals activated the
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Fig. 4. Jointed pendulums driven by artificial muscles, which the electronic motor controls the contraction and relaxation of the flexible ropes. EM1 and EM2 are

controlled by external electrical signals.

EM1 and EM2 are generated from a stable signal source, the effect of
load effect of N-turns coils in the electronic motor can be ignored.
Surely, short beam can also be connected to the jointed point B to mimic
the foot gait. Supposing the load circuit of the EM has an intrinsic
resistor Ry, and the two Ems are excited by the same channel current
from a simple neural circuit shown in Fig. 5.

The output voltage from the capacitor controls the channel current
across NR, and it is approached by

2
mi(vlvws). ®)

The intrinsic parameters (Vy, p) are relative to the material property
of NR and they can be approached from experimental way. For
simplicity, the same output channel current is applied to driven two EMs
and the circuit is plotted in Fig. 6.

The physical variables in Fig. 6 can be described by the circuit
equations as follows

ooV ) ,
Pera — lur,

av 1
C_is+iL+p(V—

dr 2V, 3V2
di .
1L =E-uR -V, @)
di 1 .
Lyr dAZT = 5 V —iyrRo.

These physical variables and parameters can be rewritten in
dimensionless forms as follows

Vo wp  dmrp . Isp €
vaoayf‘/()?z* VO ’ lsfvof‘[fpcv (8)
E 2 2
o By PPC Ry pC. R
Vo L p Lyr p

Inserting the parameters and variables into Eq.(9), the coupled
neuron and muscles are described by

1y, Ng

Fig. 5. (RLC) Neural circuit is composed of capacitor C, inductor L, nonlinear
resistor NR. Constant voltage E denotes reverse potential of ion channel, R is a
constant resistor, is represents external forcing current.

d—x—er + XX -z
Y 2 3)° %

dy _ 9
E—b(a—cy—x), (C)]

% =d (%x - ﬁz) .

From biophysical viewpoint, external forcing current i's modifies the
excitability by inserting energy into the neuron, and the firing patterns
are changed during the changes of membrane potentials for the variable
x. According to Eq.(2), the chancel current Iomor=iyr, and it is propor-
tional to the dimensionless variable z by setting appropriate gain k for
the tension T including T; and Ty, here, T;=T>=T. By taming the
intrinsic parameters (q, b, ¢, d, ) and the external current i’s, the neuron
can present different firing modes during the changes of membrane
potentials. When the neuron generates constant voltage or membrane
potential, the artificial muscles keeps constant tension values and the
variable z becomes stable. On the other hand, Continuous changes of
membrane potential will modify the channel current z and then the
tension for artificial muscles becomes time-varying, it predicts that the
artificial muscles keeps contraction and relaxation accompanying with
switch in the leg gaits.

When the two EMs in Fig. 4 are controlled by two different channel
currents, the jointed pendulums and artificial muscles will behave their
gaits freely, and the circuit is plotted in Fig. 7.

As shown in Fig. 4, the load circuits for the two electronic motors in
the artificial muscles are controlled by two coupled neural circuits, and
the current across each load circuit (Lyt1, Lmte2) is affected by the
external stimulus and other electric components by shunting the energy
flow. Similarly giving circuit equations for the physical variables and the
neural circuits are coupled to control the artificial muscles as follows

av, . . 1 12 , Vo —V
C—l_ls"rlu-‘rE(Vl—; ! —l1\/r[‘1-‘1‘w7

da 2V, 3V2 R
dipy .
™M _p 4RV
dt A1 15
di .
Lyr (l\;tn = V1 —iunRo,
(10)
av, . . 1 V2 VP . (Vi —Va)
c2 vy, =222 ) W= 2
at ls+lL2+p(2 2V, 312 iy + R ,
dir, .
12— i,R-V.
dt 12 2,
di .
Lyr :;tn = V2 — iur2Ro.

The variables including voltage and channel currents for the left side
circuit are marked with subscript 1, while the variables for right side
circuit in Fig. 7 are discerned by adding subscript 2, and the same
electric components for two sides of the coupled neural circuits are
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Fig. 6. Neural circuit excites the EMs for mimicking the artificial muscles. Ly;r and R denote the intrinsic inductance and resistance for the load coils in the EM. The

current across the EM coils Injr=Ioror in EQ.(2).
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Fig. 7. Two coupled neural circuits are activated to driven the load circuits for the artificial muscles. The coupling channel is built by connecting two neural circuits

via a linear resistor with the same resistance R.

selected identical parameter value, for example, Li=Ly=L, C1=C>=C,
Lvyri=Lmr2=Lmt, E1=E2=E, R1=R2=R, Ro1=Ro2=R, is1=isx=i;. By
applying similar definition in Eq.(8) on the physical variables and pa-
rameters in Eq.(10), the coupled neurons interacted with feedback
modulation from the artificial muscles are described by

dx; X2 i3 1
E*ls"l‘yl"' xl_E_E _Zl+Z(X2_X1)~,
d

%:b(afcylfxl),

dz

d—l =d(x - pz1),

i an
dx, x2 X3 1
d—::ls-‘r}’z—ﬁ-(xz—iz—?z)—Zl+z(X1—X2)~,
d
%:b(afcyzfxz)7
dz
d: d(xs — pzs).

When the artificial muscles adhered to the two jointed pendulums
are controlled by two separate neural circuits, the tensions for the
artificial muscles can select different values by inducing different tor-
ques. For example, T; is controlled by the series for variable z; and T is
controlled by the series for variable z,. As a result, the leg can behave
different gaits freely. Involvement of coupling between two neural cir-
cuits can regulate the cooperation between the two jointed pendulums
and then the leg gaits are controlled. On the other hand, breakdown in
one of the neural circuit still excites the EMs and then the leg gaits can be
controlled effectively. In fact, the leg gaits are mainly controlled by the
criterion in Eq.(5) even the tensions for the artificial muscles can be
adjusted to select different values.

When the jointed pendulums and the electronic motor are controlled
by a single neural circuit shown in Fig. 6, the field energy W; is mainly
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saved in the capacitor and three inductors, and then the field energy is
replaced with dimensionless Hamilton energy as follows

1 1
Wi =3 CV? + ELif + Ly,
w; 1 1 (12)
H —
merm 2dz

For two coupled neural circuits in Fig. 7, the field energy Wy is ob-
tained as well and its dimensionless energy function Hs is given in

1 1., 1 . 1 1., 1 .
Wy == Cvf + ELlfl + ELMTI,ZW += Cv§ + 5Llfz + 5LMTzﬁm,
W 13)
1
H, = a2 (x2 +332) + (y2 +y3) + (z1 +22).

When the legs or jointed pendulums suffer from external load
bearing, the muscles contract to keep enough tension for keeping gait
balance. For the neural circuit-coupled jointed pendulum via artificial
muscle, contraction or relaxation of the ropes enwinding to the elec-
tronic motor will change the leg gaits and feedback is activated to
regulate the neural circuit by generating induced electromotive force in
the N-turns coils in the load circuit of the electronic motor. For nu-
merical verification, the fourth order Runge-Kutta algorithm can be
applied to find solutions for Eq.(9) and its energy evolution in Eq.(12)
can be detected when two EMs are driven by the same channel current
from the neural circuit. Similarly, numerical solutions can be obtained
for Eq.(11) and its energy function in Eq.(13) when the two EMs are
driven by a couple coupled neural circuits. According to Eq.(2) and Eq.
(5), the rotation angles (61, 85) for the two jointed pendulums can also be
estimated and different leg gaits are formed in stable way. For dynamical
analysis, external forcing current can be selected with photocurrent
across a phototube or piezoelectric current converted from an acoustic
wave via piezoelectric ceramic. In addition, noisy disturbance can also
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be applied to detect the response in the leg gaits and energy conversion
between capacitive and inductive energy when the leg and artificial
muscles are controlled in static states.

Based on the simple neural circuit in Fig. 5, the neural signals are
derived to excite the electronic motor, and the flexible ropes connected
to the jointed pendulums are adjusted, as a result, the jointed femur,
tibia and fibula are guided to present different leg gaits. Combination of
other functional electronic components including memristor, phototube,
piezoelectric ceramic and thermistor into the neural circuit in Fig. 5 can
enhance the physical perceptive function of the neural circuit. In
particular, involvement of memristor into neural circuit can induce
multi-stability [81,82] and controllability to external electromagnetic
radiation because external physical stimuli inject energy into the
memristive channel.

From control aspect, external stimuli inject energy into the neural
circuits, and a part of field energy is shunted into the load circuits of the
EMs for generating strong torques to control the tension in the ropes,
which connect to the skeleton. As a result, the leg gaits can be controlled
effectively within short transient period. As is known, neural signals are
propagated to the leg muscles and then the leg behave suitable gaits by
generating appropriate muscle tensions (pulling force) during contin-
uous movements. In fact, the leg gaits can be discerned by detecting the
detectable rotation angles (01, 63). On the other hand, detection of the
moving velocity of jointed point B provides another way to measure the
reciprocating motion of the leg, which is similar to the rehabilitation
training for disabled legs. When the physical parameters for the load
circuits of the EMs are fixed, activation of adaptive law depends on the
regulation of the channel current across the EMs coils synchronously. By
applying larger channel current in the load circuit, the EMs torques and
rope tensions are increased to speed the rotation movement of the
jointed pendulums, and the leg moves quickly. Otherwise, the leg and
jointed pendulums move slowly. The field energy in the neural circuit
and EMs are converted to mechanical energy due to the coupling be-
tween EMs and neural circuit. That is, changes of the energy ratio be-
tween capacitive energy and inductive energy will control the
movement state the jointed pendulums and the EMs. Similar to the
parameter growth law for a single neural circuit [38.80], an adaptive
control law for controllable parameters can be suggested as follows

%: 5-c-9(H — Hy), 9(U) =1,U>0,9(U) = 0,U < 1,
H= %xz, for Fig.6, as

H =1 (6 +3).for Fig7.

In Eq.(14), the gain § controls the growth intensity of the parameter
¢, H measures the capacitive energy in the neuron or neural circuit, and
Hy is the threshold for the energy. The energy level can be calculated
when all variables are available. In practical way, the kernel variable of
the Heaviside function in Eq.(14) can be replaced by using detectable
voltage variable. Therefore, the adaptive growth law in Eq.(14) is
updated by

de _ Sc-9(x— %), AU)=1,U>0,9U)=0,U< 1,

dr

db as)
& 8:b-9(x — x0), Xx =x;,0r x5 for Fig.7.

When the membrane potential or the capacitor voltage is beyond the
threshold x,, the parameter c or b can keep continuous growth, and the
total energy function H; in Eq.(12) or Hy in Eq.(13) will be modified.
Positive value for the § will apply negative regulation to decrease the
variable y or variables (y;, y2), and inductive energy in the neural cir-
cuits is decreased synchronously. As a result, the load circuit of the EMs
will share more energy flow to control the EMs effectively, and then the
jointed pendulums are guided to behave suitable gaits. For static state,
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the angles can be estimated from Eq.(4) when the tension and torques
generated by the artificial tissue in Eq.(2) are invariable. In presence of
time-varying stimulus, the channel current across the load circuit of the
EMs will generate different toques and tensions, and the rotation
movement of the jointed pendulum can be explored by finding numer-
ical results from Eq.(3).

Indeed, electronic motors can be used to contract or relax the length
of flexible ropes, and simple artificial muscles can be mimicked to
control the body gaits. Two jointed pendulums can be controlled to
mimic the movement and rotation of arms and legs, and activation of
artificial muscles are helpful to aid the disabled legs. By taming the
electrical activities in the neural circuits, the output voltage and current
from the neural circuit can be used to control the electronic motors and
then the jointed pendulums and even robot arms and legs can be
controlled to keep stable gaits. This scheme provides some clues to
design and control artificial legs, and it is helpful to keep safe body gaits
for those people with disabled legs. Damage of body muscles can ignore
the electrical stimuli and then the body gaits are out of control from the
neural signals simultaneously. Therefore, gaits stability and normal
muscle movements are disturbed to behave suitable states. On the other
hand, blocking the regulation from neural signals due to different ner-
vous disorders [83-85] also disables muscle movements and auxiliary
neural circuits can be designed to control the muscle relaxation for
behaving safe body gaits.

3. Numerical results and discussion

According to the stability condition in Eq.(4), the jointed beams/
pendulums can keep appropriate angles and gaits when the pulling
forces from the EMs are applied to balance the intrinsic gravitational
moments. In fact, the joined beams can also keep stability even only one
EM is activated because the jointed point A supports them at suitable
angles by adjusting the pulling force from one EM via the ropes. Any
changes of the horizontal displacement for free end B (X=xog=0Acos
(01) +ABcos(02)=l1cos(01)+Ixcos(02)) will modify the leg gaits and
rotation angles (6, 62), which depend on the pulling forcing from the
EMs. In numerical approach, the gains (ki, ky) can select maximal value
1, and different constant values for T and T can be applied to detect the
static gait angles (61, 02).

Considering the continuous movements of the jointed pendulums as
shown in Eq.(5), for simplicity, P1=Py, T1=T2=T, kj=ky=1.0. The
internationally recognized normal ratio of thighs to calves is: the ideal
size of thighs is height multiplied by 0.341, and the ideal size of calves is
height multiplied by 0.21. The vertical supporting force N can be
selected as zero or other positive value less than P,. Here, [;=0.6 m,
[5=0.4 m, g = 10.0 N/kg, P;=2.5 kg, P=2.5 kg, N = 1 kg, and then the
Eq.(5) is updated by

w_
dt — w2,
@ _ 3gk, T + 3Ngcosts 3 Ecosez
dt Pyly 21, (16)

= 30T, — 7.5c0s6-,

sing;, = 13
L

. 2.
sinf, = §sm92‘

By setting different constant values for T, the numerical solutions for
Eq.(6) can discern the movements of the jointed pendulums/legs. As
shown in Eq.(2), the pulling force T is proportional to the channel cur-
rent across the motor coils, which shunts current from the driving neural
circuits. Therefore, the force T can also be selected with a specific
function, constants or periodic series for keeping static balance or
continuous movement in the legs. For example, T = k’z from Eq.(9) or
To=k'zp from Eq.(11), that is, the artificial muscle produces tension
proportional to the channel current in the coils of the EM. The coefficient
is mainly decided by the coils in the EM. The neuron in Eq.(9) and the
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coupled neurons in Eq.(11) can be excited to present periodic, spiking,
bursting activities, and then the movements of the jointed pendulums
can be explored by finding numerical solutions from Eq.(16). When the
anticlockwise torques are not balanced by the clockwise torques in the
second formula in Eq.(16), the jointed pendulums or legs keep contin-
uous rotation, as a result, the gait angles (0, 62) will be beyond safe
thresholds and the electromechanical legs are destroyed.

In practical way, the angles (01, 6,) are restricted within a scope less
than n/2 during the changes of tension T including T; and T, which
should be adjusted in adaptive way. The channel current of the coils in
the EMs, which are shunted from the neural circuit, can select negative
or positive values; it indicates that the EM can switch its rotation di-
rections following the changes of channel current. On the other hand, T
> 0 means muscle contracts/shrinks while T < 0 means muscle relaxa-
tion. Therefore, a diode can be incorporated into the branch circuit
connecting to the load circuit (EM), so that the channel current across
the coils of the EM becomes unidirectional. During numerical approach,
larger initial value for 6, means the muscle is contracted with high
tension (pulling force), while smaller initial value for 6, means the
muscle is relaxed with lower tension. In Fig. 8, the artificial muscle is
activated with different tensions, and the values for T, in Eq.(16) are
changed to detect the gait angles (6;, 62) under torques balance
(80T>=7.5co0s62), and the vertical axis is represented in radians.

From Fig. 8, appropriate setting for the muscle tensions can keep
suitable leg gaits, and smaller values for the muscle tensions T; and T5
will break the gait balance, as a result, the gait angles (61, 62) will obtain
negative values. As mentioned above, the channel current for the vari-
able z and (21, 22) can be regulated to keep negative or positive values,
therefore, the EM generates clockwise or anticlockwise torques, which
means the artificial muscles will present relaxation or contraction state
with time, and the muscle tension T will select negative or positive
values with the changes of channel currents in the EMs. In Fig. 9, the
muscle tension T is controlled by the channel current as To=k'z = 0.4z
(switch between negative and positive values), and the evolution of gait
angles and displacement xp are plotted in Fig. 9.

From the results in Fig. 9, it is demonstrated that gait angles (01, 62)
can present values beyond the safe threshold n/2 when the electrome-
chanical leg is controlled by the artificial muscles, which is regulated by
the output signals from the neural circuit. Therefore, the channel current
of the EMs should be controlled to keep positive values for the pulling
forces (muscle tensions) T; and T». As suggested above, T=|kz|, absolute
value supports positive value for the pulling force in the artificial mus-
cles. During circuit control, a diode can be used in the branch circuit
connecting the coils of EMs (load circuit). For adaptive control, the
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external forcing or one intrinsic parameter can be adjusted following the
growth law in Egs. (14) and (15), so that the EMs produce positive/
anticlockwise torques to balance the clockwise tensions, as a result, the
leg gaits are controlled in safe state.

In a summary, an artificial muscle device is proposed by regulating
the length of the ropes winded to an EM, which is controlled by the
electrical signals from a neural circuit. The coils of the EM is considered
as load circuit (branch circuit) of the neural circuit, and the EMs produce
suitable torques to control the contraction and relaxation of the muscles
during changes of the length of flexible ropes. By taming the neural
circuit, the channel current shunted from the neural circuit is modified
to induce different toques and then the electromechanical leg keeps
appropriate gaits.

4. Conclusions

In this paper, we suggested a simple model for artificial muscle by
enwinding flexible ropes on an electronic motor, and the artificial
muscles control the leg gaits by regulating the tensions (pulling forces).
The leg gait is approached by using a pair of jointed pendulums and the
electronic motor is driven by a neural circuit. The N-turns coils in the
electronic motor are considered as a load circuit to the driving neural
circuit. The neural circuit controls the rotation of electronic motor and
the length of the winded rope is changed to mimic the contraction and
relaxation of the muscles, as a result, the tensions and torques are
modified to regulate the gait angles (61, 62) for the jointed pendulums. In
this way, the leg gaits are controlled effectively. This scheme can be
further used to design and control artificial arms/legs, and complex
body gaits can be controlled completely. It also provides clues to sup-
press movement disorders in presence of neural diseases including
seizure, Parkinson’s disease and Alzheimer’s disease [86-90].

Data statements

No numerical data are used in this study.
CRediT authorship contribution statement

Yitong Guo: Visualization, Validation, Software, Formal analysis,
Conceptualization. Chunni Wang: Writing — original draft, Visualiza-

tion, Methodology, Investigation, Funding acquisition. Jun Ma: Writing
- review & editing, Supervision, Project administration, Investigation.

(@)

0.8 |
0.6 |
0.4 |

0.2 |

(b)

1.0 -

0.6 |

0.00 0.05 0.10

[ o
[

0.15 0.20 0.

Fig. 8. Dependence of gait angles (61, 6») and displacement xp on muscle tension T,. For (a) 05; (b) 61; (c) displacement xop.

144



Y. Guo et al.

Physics Letters A 529 (2025) 130069

0.1

0.0+

024

@

241

20+

(b)

0.7

0.5r

()

0.6

0.5¢

03}

0.2 it

L

(d)

500
T

1000

Fig. 9. Evolution of gait angles, muscle tension and displacement for point B vs. time. For (a) To= 0.4z; (b) 05; (¢) 61; (d) displacement xop. The series for variable z
are generated from Eq.(9), setting parameters A = 3.5, w=1.6, a = 0.3, b = 0.2, ¢ = 0.3, d = 0.2, #=0.1, i';=Acos(w7), initials (0.02, 0.01, 0.01).

Declaration of competing interest

The authors declare that they have no known competing financial
interests or personal relationships that could have appeared to influence
the work reported in this paper

Acknowledgements

This project is supported by National Natural Science Foundation of
China under the Grant No. 62361037.

Data availability

No data was used for the research described in the article.

References

[1] H.L. Sweeney, D.W Hammers, Muscle contraction, Cold Spring Harb Perspect Biol
10 (2018) a023200.
[2] A.V. Gomes, J.D. Potter, D Szczesna-Cordary, The role of troponins in muscle
contraction, IUBMB Life 54 (2002) 323-333.
[3] W. Herzog, K. Powers, K. Johnston, et al., A new paradigm for muscle contraction,
Front. Physiol. 6 (2015) 174.
[4] T.A.J. Duke, Molecular model of muscle contraction, in: Proceedings of the
National Academy of Sciences 96, 1999, pp. 2770-2775.
[5] W. Herzog, T.R. Leonard, V. Joumaa, et al., Mysteries of muscle contraction,
J. Appl. Biomech. 24 (2008) 1-13.
[6] M. Caruel, L. Truskinovsky, Physics of muscle contraction, Rep. Progr. Phys. 81
(2018) 036602.
[7] W. Herzog, R. Ait-Haddou, Considerations on muscle contraction, J. Electromyogr.
Kinesiol. 12 (2002) 425-433.
[8] D.E. Rassier, W. Herzog, Considerations on the history dependence of muscle
contraction, J. Appl. Physiol. 96 (2004) 419-427.
[9] A. Horowitz, C.B. Menice, R. Laporte, et al., Mechanisms of smooth muscle
contraction, Physiol. Rev. 76 (1996) 967-1003.
[10] W. Herzog, G. Schappacher-Tilp, Molecular mechanisms of muscle contraction: a
historical perspective, J. Biomech. 155 (2023) 111659.
[11] H. Rasmussen, Y. Takuwa, S. Park, Protein kinase C in the regulation of smooth
muscle contraction, FASEB J. 1 (1987) 177-185.
[12] J. Li, N.C. King, L.I. Sinoway, ATP concentrations and muscle tension increase
linearly with muscle contraction, J. Appl. Physiol. 95 (2003) 577-583.
[13] L. Marcucci, L. Truskinovsky, Muscle contraction: a mechanical perspective, Eur.
Phys. J. E 32 (2010) 411-418.

145

[14]

[15]
[16]
[17]
[18]
[19]
[20]
[21]
[22]
[23]

[24]

[25]

[26]
[27]

[28]

[29]

[30]

[31]
[32]
[33]

[34]

S.J. Gunst, W. Zhang, Actin cytoskeletal dynamics in smooth muscle: a new
paradigm for the regulation of smooth muscle contraction, Am. J. Physiol.-Cell
Physiol. 295 (2008) C576-C587.

Z. Wang, S. Raunser, Structural biochemistry of muscle contraction, Annu. Rev.
Biochem. 92 (2023) 411-433.

J.A Rall, Mechanism of Muscular Contraction, Springer, New York, 2014.

L.J. Bhargava, M.G. Pandy, F.C Anderson, A phenomenological model for
estimating metabolic energy consumption in muscle contraction, J. Biomech. 37
(2004) 81-88.

A. Guillot, F. Lebon, D. Rouffet, et al., Muscular responses during motor imagery as
a function of muscle contraction types, Int. J. Psychophysiol. 66 (2007) 18-27.
S. Puetz, L.T. Lubomirov, G. Pfitzer, Regulation of smooth muscle contraction by
small GTPases, Physiology 24 (2009) 342-356.

D.A. Smith, M.A. Geeves, J. Sleep, et al., Towards a unified theory of muscle
contraction. I: foundations, Ann. Biomed. Eng. 36 (2008) 1624-1640.

H. Jawad, N.N. Ali, A.R. Lyon, et al., Myocardial tissue engineering: a review,

J. Tissue Eng. Regen. Med. 1 (2007) 327-342.

G. Karreman, C. Prood, Heart muscle contraction oscillation, Int. J. Biomed.
Comput. 38 (1995) 49-53.

U. Freyschuss, Elicitation of heart rate and blood pressure increase on muscle
contraction, J. Appl. Physiol. 28 (1970) 758-761.

V.F. Gladwell, J.H Coote, Heart rate at the onset of muscle contraction and during
passive muscle stretch in humans: a role for mechanoreceptors, J. Physiol. 540
(2002) 1095-1102.

E. Brunello, L. Fusi, A. Ghisleni, et al., Myosin filament-based regulation of the
dynamics of contraction in heart muscle, in: Proceedings of the National Academy
of Sciences 117, 2020, pp. 8177-8186.

J.M. Galvez, J.P. Alonso, L.A. Sangrador, et al., Effect of muscle mass and intensity
of isometric contraction on heart rate, J. Appl. Physiol. 88 (2000) 487-492.

R.D. Vaughan-Jones, Excitation and contraction in heart: the role of calcium, Br.
Med. Bull. 42 (1986) 413-420.

O. Berenfeld, A.V. Zaitsev, S.F. Mironov, et al., Frequency-dependent breakdown of
wave propagation into fibrillatory conduction across the pectinate muscle network
in the isolated sheep right atrium, Circ. Res. 90 (2002) 1173-1180.

J. Duclay, A. Martin, Evoked H-reflex and V-wave responses during maximal
isometric, concentric, and eccentric muscle contraction, J. Neurophysiol. 94 (2005)
3555-3562.

J.L. Beckham, R. van Venrooy A, S. Kim, et al., Molecular machines stimulate
intercellular calcium waves and cause muscle contraction, Nat. Nanotechnol. 18
(2023) 1051-1059.

C.R.C. Wyndham, Atrial fibrillation: the most common arrhythmia, Tex. Heart.
Inst. J. 27 (2000) 257.

R.S. Wijesurendra, B. Casadei, Mechanisms of atrial fibrillation, Heart. 105 (2019)
1860-1867.

C. Gutierrez, D.G Blanchard, Atrial fibrillation: diagnosis and treatment, Am. Fam.
Physician. 83 (2011) 61-68.

K.M. Ryder, E.J Benjamin, Epidemiology and significance of atrial fibrillation, Am.
J. Cardiol. 84 (1999) 131-138.



Y. Guo et al.

[35]
[36]
[37]

[38]

[39]
[40]

[41]

[42]
[43]
[44]
[45]

[46]
[47]

[48]

[49]

[50]

[51]

[52]
[531]

[54]

[55]

[56]
[57]

[58]

[59]

[60]

[61]

[62]

P. Verdecchia, G.P. Reboldi, R. Gattobigio, et al., Atrial fibrillation in hypertension:
predictors and outcome, Hypertension 41 (2003) 218-223.

J. Ma, Biophysical neurons, energy, and synapse controllability: a review,
Zhejiang Univ. Sci. A 24 (2023) 109-129.

Ma, Z. Yang, L. Yang, et al., A physical view of computational neurodynamics,
Zhejiang Univ. Sci. A 20 (2019) 639-659.

Yang, L. Ren, J. Ma, et al., Two simple memristive maps with adaptive energy
regulation and digital signal process verification, J. Zhejiang Univ. Sci. A 25 (2024)
382-394.

Y. Li, M. Lv, J. Ma, et al., A discrete memristive neuron and its adaptive dynamics,
Nonlinear Dyn. 112 (2024) 7541-7553.

H. Bao, K.X. Li, J. Ma, et al., Memristive effects on an improved discrete Rulkov
neuron model, Sci. China Technol. Sci. 66 (2023) 3153-3163.

B. Ramakrishnan, M. Mehrabbeik, F. Parastesh, et al., A new memristive neuron
map model and its network’s dynamics under electrochemical coupling,
Electronics. (Basel) 11 (2022) 153.

N. Zandi-Mehran, S. Panahi, Z. Hosseini, et al., One dimensional map-based neuron
model: a phase space interpretation, Chaos, Soliton. Fractals 132 (2020) 109558.
J. Jia, C. Wang, X. Zhang, et al., Energy and self-adaption in a memristive map
neuron, Chaos, Soliton. Fractal. 182 (2024) 114738.

Y.T. Guo, J. Ma, X.F. Zhang, et al., Memristive oscillator to memristive map, energy
characteristic, Sci. China Technol. Sci. 67 (2024) 1567-1578.

F. Wy, Y. Guo, J. Ma, Energy flow accounts for the adaptive property of functional
synapses, Sci. China Technol. Sci. 66 (2023) 3139-3152.

M. Perc, The dynamics of human gait, Eur. J. Phys. 26 (2005) 525.

Y. Ashkenazy, J.M. Hausdorff, P.C. Ivanov, et al., A stochastic model of human gait
dynamics, Physica A: Stat. Mech. Appl. 316 (2002) 662-670.

N. Scafetta, D. Marchi, B.J. West, Understanding the complexity of human gait
dynamics, Chaos: An Interdisciplinary Journal of Nonlinear Science 19 (2009)
026108.

C. Vimieiro, E. Andrada, H. Witte, et al., A computational model for dynamic
analysis of the human gait, Comput. Methods Biomech. Biomed. Engin. 18 (2015)
799-804.

S.M. Bruijn, J.H. Van Dieén, Control of human gait stability through foot
placement, J. R. Soc. Interf. 15 (2018) 20170816.

M. Ezati, B. Ghannadi, J. McPhee, A review of simulation methods for human
movement dynamics with emphasis on gait, Multibody Syst. Dyn. 47 (2019)
265-292.

J. Sun, S. Wu, P.A Voglewede, Dynamic simulation of human gait model with
predictive capability, J. Biomech. Eng. 140 (2018) 031008.

T. Kashima, Y. Isurugi, M. Shima, Analysis of a muscular control system in human
movements, Biol. Cybern. 82 (2000) 123-131.

G.J.V.I. Schenau, From rotation to translation: constraints on multi-joint
movements and the unique action of bi-articular muscles, Hum Mov Sci 8 (1989)
301-337.

G.F. Koshland, J.C. Galloway, C.J Nevoret-Bell, Control of the wrist in three-joint
arm movements to multiple directions in the horizontal plane, J. Neurophysiol. 83
(2000) 3188-3195.

C.J. Ketcham, N.V. Dounskaia, G.E Stelmach, Multijoint movement control: the
importance of interactive torques, Prog. Brain Res. 143 (2004) 207-218.

H. Kimura, M. Kataoka, S. Suzuki, et al., A flexible robotic arm with hydraulic
skeleton, J. Adv. Mech. Des. Syst. Manuf. 6 (2012) 1107-1120.

A. Kargov, T. Werner, C. Pylatiuk, et al., Development of a miniaturised hydraulic
actuation system for artificial hands, Sensor. Actuator. A: Phys. 141 (2008)
548-557.

M. Feng, J. Dai, W. Zhou, et al., Kinematics analysis and trajectory planning of 6-
DOF hydraulic robotic arm in driving side pile, Machines 12 (2024) 191.

Y. Qiu, E. Zhang, R. Plamthottam, et al., Dielectric elastomer artificial muscle:
materials innovations and device explorations, Acc. Chem. Res. 52 (2019)
316-325.

S.M. Mirvakili, .W. Hunter, Artificial muscles: mechanisms, applications, and
challenges, Adv. Mater. 30 (2018) 1704407.

D.R. Higueras-Ruiz, K. Nishikawa, H. Feigenbaum, et al., What is an artificial
muscle? A comparison of soft actuators to biological muscles, Bioinspir. Biomim.
17 (2021) 011001.

J.
J.
J.
F.

146

[63]
[64]
[65]

[66]

[67]
[68]
[69]
[70]
[71]

[72]

[73]

[74]

[75]
[76]

[77]

[78]

[79]

[80]

[81]

[82]

[83]

[84]

[85]

[86]

[87]
[88]

[89]

[90]

Physics Letters A 529 (2025) 130069

K.C. Wickramatunge, T Leephakpreeda, Study on mechanical behaviors of
pneumatic artificial muscle, Int. J. Eng. Sci. 48 (2010) 188-198.

J. Mehrholz, A. Hadrich, T. Platz, et al., Electromechanical and robot-assisted arm
training after stroke: updated review, Stroke 43 (2012) e172-e173.

A. Notué Kadjie, P.R. Nwagoum Tuwa, P Woafo, An electromechanical pendulum
robot arm in action: dynamics and control, Shock Vib. 2017 (2017) 3979384.

R. Kouam Tagne, P. Woafo, J Awrejcewicz, Dynamics of the rotating arm of an
electromechanical system subjected to the action of circularly placed magnets:
numerical study and experiment, Int. J. Bifurcat. Chaos 33 (2023) 2350052.

N.K. Mbeunga, B. Nana, P. Woafo, Dynamics of array mechanical arms coupled
each to a Fitzhugh-Nagumo neuron, Chaos Soliton. Fractals 153 (2021) 111484.
J. Ma, Y. Guo, Model approach of electromechanical arm interacted with neural
circuit, a minireview, Chaos Soliton. Fractal. 183 (2024) 114925.

Y. Guo, X. Song, J. Ma, Control electromechanical arms by using a neural circuit,
Nonlinear Dyn. (2024), https://doi.org/10.1007/s11071-024-10260-3.

L. Zhang, W Jin, Simulating the motion of a mechanical arm driven by neural
circuit, Phys. Scr. 99 (2024) 115213.

N.C. Heer, A.C. Martin, Tension, contraction and tissue morphogenesis,
Development 144 (2017) 4249-4260.

A. Rachev, K. Hayashi, Theoretical study of the effects of vascular smooth muscle
contraction on strain and stress distributions in arteries, Ann. Biomed. Eng. 27
(1999) 459-468.

Y.Y. Mei, M.H. Lee, T.C. Cheng, et al., NMDA receptors sustain but do not initiate
neuronal depolarization in spreading depolarization, Neurobiol. Dis. 145 (2020)
105071.

A. Kitamura, H. Ishibashi, M. Watanabe, et al., Sustained depolarizing shift of the
GABA reversal potential by glutamate receptor activation in hippocampal neurons,
Neurosci. Res. 62 (2008) 270-277.

W. Herzog, Mechanisms of enhanced force production in lengthening (eccentric)
muscle contractions, J. Appl. Physiol. 116 (2014) 1407-1417.

N.D. Reeves, M.V. Narici, Behavior of human muscle fascicles during shortening
and lengthening contractions in vivo, J. Appl. Physiol. 95 (2003) 1090-1096.

B. Pasquet, A. Carpentier, J. Duchateau, Specific modulation of motor unit
discharge for a similar change in fascicle length during shortening and lengthening
contractions in humans, J. Physiol. 577 (2006) 753-765.

A.A. Jones, G.A. Power, W. Herzog, History dependence of the electromyogram:
implications for isometric steady-state EMG parameters following a lengthening or
shortening contraction, J. Electromyogr. Kinesiol. 27 (2016) 30-38.

R. De Vita, R. Grange, P. Nardinocchi, et al., Mathematical model for isometric and
isotonic muscle contractions, J. Theor. Biol. 425 (2017) 1-10.

B.M. Baroni, C.M.A. Stocchero, R.C. do Espirito Santo, et al., The effect of
contraction type on muscle strength, work and fatigue in maximal isokinetic
exercise, Isokinet. Exerc. Sci. 19 (2011) 215-220.

H. Bao, Y. Gu, Q. Xu, et al., Parallel bi-memristor hyperchaotic map with extreme
multistability, Chaos Soliton. Fractal. 160 (2022) 112273.

J. Zhang, H. Bao, J. Gu, et al., Multistability and synchronicity of memristor
coupled adaptive synaptic neuronal network, Chaos, Soliton. Fractals 185 (2024)
115157.

Y. Yu, Y. Fan, S. Hou, et al., Optogenetic stimulation of primary motor cortex
regulates beta oscillations in the basal ganglia: a Computational study, Commun.
Nonlinear Sci. Numer. Simul. 117 (2023) 106918.

D. Fan, Y. Wang, J. Wu, et al., The preview control of a corticothalamic model with
disturbance, Electron. Res. Arch. 32 (2024) 812-835.

J. Zhao, Y. Yu, F. Han, et al., Dynamic modeling and closed-loop modulation for
absence seizures caused by abnormal glutamate uptake from astrocytes, Nonlinear
Dyn. 112 (2024) 3903-3916.

D. Fan, H. Wu, G. Luan, et al., The potential scale-free network mechanism
underlying the formation of focal epilepsy, Europhys. Lett. 141 (2023) 32002.
C.A Davie, A review of Parkinson’s disease, Br. Med. Bull. 86 (2008) 109-127.

S. Fanning, D. Selkoe, U. Dettmer, Parkinson’s disease: proteinopathy or
lipidopathy? NPJ. Parkinsons. Dis. 6 (2020) 3.

A. Monsonego, H.L. Weiner, Immunotherapeutic approaches to Alzheimer’s
disease, Science (1979) 302 (2003) 834-838.

R.B. Maccioni, L.E. Rojo, J.A. Fernandez, et al., The role of
neuroimmunomodulation in Alzheimer’s disease, Ann. N. Y. Acad. Sci. 1153
(2009) 240-246.



Chaos, Solitons and Fractals 189 (2024) 115739

ELSEVIER

Contents lists available at ScienceDirect

Chaos, Solitons and Fractals

journal homepage: www.elsevier.com/locate/chaos

Jointed pendulums driven by a neural circuit, electromechanical arm

model approach

Yitong Guo ™, Chunni Wang ", Jun Ma

a,b,*

 College of Electrical and Information Engineering, Lanzhou University of Technology, Lanzhou 730050, China
Y Department of Physics, Lanzhou University of Technology, Lanzhou 730050, China
¢ Department of Mathematics, North University of China, Taiyuan 030051, Shanxi, China

ARTICLE INFO

Keywords:

Neural circuit
Hamilton energy
Electromechanical arm
Gear drive

Stability

ABSTRACT

The mechanical characteristic of an arm can be investigated in a two-stage cascade pendulum, which two jointed
pendulums rotate to a jointed point and move forward for keeping stable gaits. The arm gaits and stability are
controlled by the electrical signal interacted with the muscle. In this paper, two short beams are jointed to mimic
the motion and stability of an arm driven by electromechanical force, which is generated from the gear or friction
interaction between a beam and electromotor activated by electric signals from a neural circuit. On end of the
artificial arm is jointed to a fixed point, another end is connected to a moving beam along horizontal direction.
An electrical motor is driven by the output signals from a neural circuit, and it generates effective horizontal
force to control the stability and gaits in the coupled pendulums via a gear interaction. When the electrical motor
(EM) is activated, it has a feedback on the driving neural circuit by changing the firing activities because the load
circuit of the EM generates induced electromotive force as an additive branch circuit of the neural circuit, and
this interaction is similar to the processing that athletic training can modify the mentality by training the neural
activities. External physical signal is applied and changed to control the neural circuit, and then the moving beam
can impose time-varying force to control the stability of the jointed pendulums. In presence of noisy excitation,
similar nonlinear resonance can be induced in the neural circuit. The dynamics in the neural circuit-coupled
pendulums is explored in detail. That is, the neural circuit regulates the EM for generating electromechanical
force and then the jointed pendulums are controlled in the arm gaits. This mechanical process is similar to the
rehabilitation training for disabled arms with movement disorders. The results provide helpful clues to design
artificial electromechanical arm and application of arm rehabilitation for muscular injuries.

1. Introduction

used to control the artificial arms or legs.
A generic neuron model can present distinct firing patterns including

Skeletal muscles are controlled by electrical signals from nervous
system [1-5] and different body gaits depend on the muscle contraction
and relaxation. After a stroke [6-8], the body gaits are corrupted and the
arms seldom behave normal behaviors. Movement related impairments
and limitations in walking are common long-term after stroke. On the
other hand, trembling arms [9-13] is considered as disability in body
gaits due to impairments in the arm and abnormality in nervous system.
Therefore, it is worthy of investigating approach of electromechanical
arms and legs [14-19], and jointed pendulums [20-24] can be driven by
circuit array or neural circuits [25-29], which can encode external
physical signals including light and voice, and then these biophysical
neurons [30-34] derived from functional neural circuits [35-39] can be

quiescent, spiking, bursting and even chaotic characteristic by applying
appropriate external stimulus, and noisy excitation can induce a kind of
nonlinear resonance including stochastic resonance and coherence
resonance [40-44], logical resonance [45-49] and chaotic resonance
occurs by applying filtered signals [50-54]. The simple neuron models
can be described by nonlinear oscillator [55-58] or maps [59-62], and
functional description can be enhanced by introducing more specific
nonlinear terms into the mathematical neurons or biological neurons for
proposing some functional neurons [63-67], which can perceive
external illumination, temperature changes, acoustic wave and elec-
tromagnetic field by incorporating different electronic components into
the neural circuits. For example, the memristive neurons developed
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from neural circuit composed of memristors [68-70] can be controlled
to show multistability [71,72] and intrinsic electromagnetic induction
and even radiation can be estimated in theoretical way [73-76]. Based
on these memristive neurons [77-81], self-organization and collective
behaviors can be explored in the memristive neural networks [82-85],
and spatial electromagnetic radiation [86,87] has distinct impact on the
wave propagation in the networks. That is, involvement of memristor
enhances the controllability of neural circuit and self-adaptive property
of biophysical neurons can be released by the energy flow [88,89]. For a
brief guidance, readers can find clues in the recent reviews and the
references therein [90,91].

Am gaits can be simulated by using a paired jointed pendulums
connecting to a fixed point, and the contraction and relaxation of an arm
in a plane produce similar rotation and movements in the jointed pen-
dulums driven by an external force. The movements of biological arms
are controlled by muscles, and relaxation and contraction of muscles
adhered to the skeleton are adjusted by the neural signals. As a result,
disabled arms/legs due to muscles disability seldom present normal
movements, and necessary rehabilitation training becomes important by
applying continuous forcing on the arm end [92]. On the other hand,
smart mechanical arms of robots often depend on the involvement of
artificial tissue for generating more freedom degrees in motion. Two-
degree-of-freedom robotic manipulators [93-97] have been investi-
gated in the past twenty years. For reliable control, neural networks are
proposed to stabilize the robotic manipulators [98-100]. Indeed, the
shape memory enables alloys to represent muscles and tendons
[101-105]. In fact, electromagnetic brakes in joints [106-110] are
important for the gaits control and thus the artificial arms can behave
complex gaits and movements. On the other hand, magnetorheological
fluids are effective for designing brakes in joints [111-115] and thus the
robot gaits can be controlled effectively. From mechanical aspect, the
movement and rotation of electromechanical device including arms and
legs depend on active driving and excitation for electromechanical
forces, which can be generated from electric motors or pneumatic sys-
tems [116-120], the involvement of neural circuit interacting with the
control device can guide the robots to present smart responses and
actions.

In this paper, two pendulums are jointed to mimic the motion of an
arm, one end of the jointed pendulums is hanged to a rotating point and
another end is jointed to a moving beam geared with an electrical motor.
The torques of the electrical motor is dependent on the electrical signal
from a neural circuit composed of a magnetic flux-controlled memristor
(MFCM). The jointed pendulums-coupled with moving beam is consid-
ered as an electromechanical device for mimicking the dynamical
property of artificial arm driven by neural signals generated from a
neural circuit. The kinetics relation, mechanical interaction between the
jointed pendulums and moving beam (excitation source), circuit equa-
tion and energy characteristic are defined and discussed. The scheme is
helpful to design reliable artificial arms and further dynamical control in
the electromechanical devices.

2. Model and control strategy

An arm can behave different gaits due to the interaction between
muscles and nervous electrical signals. Contraction exercise can train
the muscle and arm flexibility, and the motion of arms can be controlled
by the electrical signals from nervous system. When the palm suffers
from external mechanical force, the movement of the arms can be esti-
mated by the measuring the movements and stability of two jointed
pendulums in a plane space. The external applied torques keeps against
the muscle contraction and intrinsic gravity of skeleton, and then
appropriate arm gaits are stabilized synchronously.

2.1. Simulation of an arm with jointed cascade pendulums

The mechanical characteristic of an arm can be investigated when

Chaos, Solitons and Fractals: the interdisciplinary journal of Nonlinear Science, and Nonequilibrium and Complex Phenomena 189 (2024) 115739

the arm is considered as cascade pendulums shown in Fig. 1.

The cascade pendulums suffered to two different gravitational mo-
ments and an external moment activated by a horizontal force F(t) via a
beam with length 1. The cascade pendulums can rotate to the hanging
points O and Ay in Fig. 1. Horizontal force to the right can generate
counterclockwise torques to be against the clockwise gravitational tor-
ques, and the two jointed pendulums can be controlled to keep balance.
On the other hand, applying Horizontal force to the left long a beam is
also effective to control stability in the jointed pendulums when the
horizontal beam is jointed to the connecting point By. To keep static
balance and stability in the jointed cascade pendulums, the torques
equation meets the following criterion in Eq. (1).

Plgcosel + Py- <1160591 + %200502) = F-(Lisinf, + Lysing,),
€y
P2~l§200502 = F-l,sin0,.

When the jointed pendulums are used to mimic the mechanical
response, the force F(t) can be considered as a mechanical control from
the muscle. Furthermore, correlation in Eq. (1) can be updated to pre-
sent a simple form as follows

Pl-licosﬂl + Py-lycos0; = F-l;sind,
2 @

L
P2'§2C0892 = F-l,siné,.

When external forcing F(t) is fixed, the compound pendulums control
their correlated angles in stable state.

P; + 2P
tan6, = %,
3)
tanf, = &
T oF

Indeed, any changes of the forcing value F=F(t) can modify the gait
of the two jointed pendulums, which will rotate to a new pairs of angles
for keeping stable gaits. Therefore, the angle relation between ¢, and 6
is dependent on the applied force F with time. In a practical way, the
beam forcing along horizontal direction can be selected with a pulse
form, periodic and even chaotic type, and the coupled pendulums will
keep different gaits by changing the angles (6;, 62) synchronously. Ac-
cording to the stability criterion in Eq. (3) and Fig. 1, the jointed pen-
dulums keep stability at 6; > 6, and instability occurs at §; = 0. For
example, it means damage of the arms at 03 > ;. On the other hand,
direction switch of horizontal forcing F along horizontal axis positive
direction to the left direction also can supports dynamical stability and
balance of the two pendulums as well because of jointed interaction via
point By, and this case 0; < 6, just occurs for jointed pendulums. In a
generic way, periodic F(t) can break the gait stability of the two jointed
pendulums.

In fact, when the end point of the jointed pendulums By is activated
by a continuous forcing without connecting a horizontal beam (no
jointed interaction), the jointed pendulums can keep dynamical balance
during changes of the angles (61, 6»). For example, the force F(t) in Eq.
(3) can be selected with periodic or chaotic signals from a nonlinear
circuit or neuron oscillator, in a simple way, the output voltage series
equal to the value for F(t), the gaits for the jointed pendulums will be
controlled completely.

2.2. Horizontal reciprocating motion of a moving beam

As shown in Fig. 1, applying a horizontal force to the right direction
can keep stable state in the jointed pendulums and switch of horizontal
force to the left will break the stability of the coupled pendulums.
Therefore, time-varying force F(t) will change the arm gait and stability
in the jointed pendulums accompanying with changes in the angles (61,
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Fig. 1. Schematic diagram for a pair of cascade pendulums. P; and P, represent the gravity for the pendulum with a length l;and I, respectively. The time-varying
force F(t) is applied along the horizontal direction via a beam with a length I, which is jointed to the coupled pendulums.

62). In practice, the moving beam with a length [ can be driven by an
electrical motor via gear or friction as shown in Fig. 2.

According to Fig. 2, the horizontal beam is forced to keep recipro-
cating motion via gears interaction when the gear adhered to the electric
motor is driven the motor. When one end of the moving beam in Fig. 2 is
jointed to the end terminal By of the coupled pendulums in Fig. 1,
continuous forcing will generate time-varying torques, which is effective
to change the movement and rotation of the two jointed pendulums. The
electrical motor has an N-turns coil and its electric torques is measured
by

M= P, x B= NI x B, @
M= N-Is.s-B-sin(ﬁ, §> - NSBIssin(ﬁ, E).

where the parameters (B, S, Is) denote the magnetic field intensity, coil
area and current intensity across the N-turns coil in the electrical motor,
respectively. That is, the electric torques is mainly controlled by the
current Is across the coil, and this current will be generated from a
neural circuit in subsection 2.3. The N-turns coil is considered as an
additive branch circuit or load circuit of the driving neural circuit. By
applying larger value for the current Is across the electric motor, a
stronger torques is generated to speed up the moving beam and the
jointed pendulums will be controlled with a larger force F(t). Periodical
change in the current Is can generate clockwise and counterclockwise
torques, respectively, and then the moving beam will move to opposite
directions intermittently. As a result, the joint pendulums will keep
different rotation directions, and this processing is similar to the
stretching and relaxing movement of arms. As shown in Fig. 2, the
electromagnetic torques can impose tangential force on the moving
beam via gear interaction, the motor has a radius r and the tangential
force from the EM can be approached by

Electrical Motor

Fig. 2. Reciprocating motion of a beam driven by an electrical motor (EM). The
rotation of the motor can be driven by electrical signals from a neural circuit,
and switch of the output voltage from negative to positive value will control the
rotation direction of the motor and the moving beam is switched in
the directions.
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F=F@t)= @sin(ﬁ, B) = NSI%(‘:)Bsin(wot). 5)
The parameter wg measures the angular frequency of the electrical
motor and it is relative to the external load driven by the motor because
of resistive torques. The moving beam can apply load damping to the
electrical motor via gear interaction because the two jointed pendulums
can apply feedback via jointed point By to the beam, and then the motor
can keep continuous rotation under fixed angular frequency, which is
also restricted by the velocity of the moving beam as wgr = dx/dt. The
variable x measures the displacement of the moving beam. For animal
arms or legs, the modulation of body gaits is controlled by the muscle via
electrical signals from nervous system. On the other hand, continuous
muscle training has positive feedback on the nervous system and the
neural activities can be tamed effectively. Supposing the moving beam
interacted with the electrical motor has a quality m, and its dynamics of
displacement x is measured by
s
dt®
dx
a = wWol =V.

The second term in the first formula of Eq. (6) denotes the damping
modulation due to constraint from the jointed pendulums, and it is
proportional to the moving velocity with a constant gain 7. Eq. (6) can be
replaced by an equivalent couple of first order differential equations as
follow

d_,

de 7

dv _ NSIs(t)B . n

a = Tsm((l)ot) — EV.
Or

dx —
i
dv NSIs(t)B . (v
di Tfr sin(()
Furthermore, the current variable Is in Egs. (7a) and (7b) can be
converted to dimensionless variable for obtaining a dimensionless
oscillator model for the displacement and velocity. Reciprocating mo-
tion of a moving beam will apply time-varying force to the jointed
pendulums to rotate the jointed points and their mechanical energy is
mainly kept as rotational kinetic energy (Wp;, Wpy), and the moving
beam keeps a translational kinetic energy (W)).

dx

NSIs(6)B
0= po) = VBB

sin(wot),

(6)

(7a)

v,
(7b)
n

——V.
m
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Wp1 = 1J1wf _1 (1 &@) w? = —P112 (‘wl) ;
2 2\3% dt
Wis — %szg - % (% %13) o = fpzzz (df) ®
w33 -

From Eq. (3), the evolution of rotation angles (61, 62) for the coupled
pendulums can be obtained by

o, Pt e d (1
de ~ "' 2 Yde \F(1)

_ r(Py + 2Py)cos*6, {dls(t)
" 2NBSEg(t)sin2(wot) | dt

o, Py, d (1
=wy = COSGZdt(())
_ rP,cos%6, {d[s (t)
~ 2NBSP(t)sin®(wot) | dt

sin(wot) + wols(t)cos(wot) } ,
9

sin(wot) + wols(t)cos(mot) } .

During the time-varying modulation from F(t), the angular velocities
for the two jointed pendulums have distinct ratio at wj:wy = (P1+P3)
c0s%(61)/(Pocos?(6,)). For simple case P1—P,, it obtains wi:wy =
2c05201/ coszez. As shown in Eq. (6), the mechanical forcing F(t) is
dependent on the product of two time variables, and the angular velocity
in Eq. (9) and rotational kinetic energy in Eq. (8) can be estimated by
numerical approach. Similar to Eq. (7b), the variable wg in Eq. (9) can be
replaced with wy = v/r and rotation frequency of electrical motor can be
approached synchronously. In fact, during continuous rotation of the
two jointed-pendulums, the angles (6, 62) are modified synchronously
to satisfy the stability criterion in Eq. (3) and the ration for angular
frequency (wj:w3) is dependent of external force F(t). Referring to the
hanging point (original point) O, the displacement or jointed points
position (x, y) is given in

{xBO = 11C0561 —+ lzCOSHz, yBO = llsim91 + lel’Tlé‘z7 (10)

Xa0 = 11C0591, Yao = llsinb‘l.

When the position (x, y) or (xgo, ygo) for the jointed point By is
detected, the jointed point Ay is predicted simultaneously. That is, the
jointed pendulums keep two freedoms when a horizontal forcing is
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applied to the terminal end By. According to Fig. 2, the jointed point By is
driven by the left terminal end of the moving beam forced by the EM,
that is, the displacement x can obtained under the constraint condition
in Eq. (7b). Therefore, numerical solutions from Eq. (7) obtains the
evolution of displacement variable x = xpp, and then the change re-
lations can be detected from the first formula in Eq. (10). When the two
jointed pendulums are forced, the torque constraint for the jointed point
By is derived by
d’0, L Poly &0,

5= F-L,sinG, — Py-—2cos6, = a1

M=J
2 3g dP

where J = P,l3/3 g represents the moment of inertia for the pendulum
ApBy against to the jointed point By. The angle series 05 can be obtained
from Eq. (11), and available series for displacement x = xpy support the
solution for the evolution of angle series 0; according to the displace-
ment condition in Eq. (10) when the force F=F(t) is detected or known.
Indeed, scale transformation should be applied to the variables in Egs.
(7a)-(11) to obtain equivalent dimensionless forms during numerical
approach when the force F=F(t) is generated from EM driven by the
neural circuit. A complete dynamical description for movement of the
jointed pendulums is shown in Eq. (12) for any known force F=F(t),
which is applied to the point B.

_,
de 7
dv F(t) ¢
=1y
dt m m
d6. _
e~ % a2
dw
dtz 2P l [2F(t)sinf, — PycosHs |,

1 -1 7
cos0; = — (xpo — lacost) = w,

ll ll

(x - lzcosﬁz)
or,0, = arccos 1 )
1

That is, the angles (61, 62) and displacement x can obtain the nu-
merical solutions from Eq. (12), and the jointed point By also detect its
displacement y = ypo along y-axis direction following the criterion in Eq.
(10). Therefore, the position for jointed Ay can also be detected

Fig. 3. Schematic diagram for the electrical motor-coupled neural circuit. Ly;r denotes the inductance of the N-turns coil in the electric motor, C, L, M represents the
capacitor, inductor and memristor, Ry is the intrinsic resistance of the electric motor, R and E represents the resistance and reverse voltage in the ion channel.

External physical signal i, is applied to excite the neural circuit.
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according to Eq. (10) when the numerical solutions for (6;, 62) are
available from Eq. (12) by setting any constant value or periodic value
for F(t).

2.3. Electromechanical arm coupled with a neural circuit

The electrical motor forced the moving beam to control the jointed
pendulums, and the electromagnetic torques is dependent on the output
voltage and current from the driving neural circuit, which is controlled
by external physical signals, for example, acoustic wave or illumination
can be converted to equivalent electrical signals applied to the neural
circuit. The electromagnetic induction in the electric motor has distinct
feedback on the driving neural circuit via a linear resistor Ry, and the
driving-response neural circuit and motor circuit are presented in Fig. 3.

The electric motor adhered to the moving beam can mimic the
interaction between muscle and neural electrical signals, and the elec-
tromechanical coupling between jointed pendulums and neural circuits
is approached by applying load circuit to the driving neural circuit. For
simplicity, a magnetic flux-controlled memristor (MFCM) is considered
in the branch circuit of the neural circuit in Fig. 3. The channel current
across the MFCM is approached by

iy = M(¢)V = (a+36¢°) V. (13)
where the variable V represents the voltage for the capacitor and
memristor, and the parameters (a, ) are relative to the material prop-
erty of the MFCM. In presence of external magnetic field, the magnetic
flux ¢ for the memristive channel will be affect and then the memristive
current across the memristor has distinct modulation on the capacitive
channel, which is also controlled by external forcing i; and inductive
channel current i, as well. The correlation between the physical vari-
ables in Fig. 3 can be described by the circuit equations according to the
Kirchhoff's theorem, and dynamics of the voltage, induction current and
magnetic flux variables for the Fig. 3 are given in

av . ..
CE:lsflsflelL,
Lor S =V~ IiRo,
i 14)
1 .
Ld—;: V+E— iR,
d¢
T V+kio.

where the variables (V, I, i;) indicates the voltage across the capacitor,
channel current for the load coil with inductance Ly;r and the inductor L,
respectively. When the equivalent load inductor in Fig. 3 is removed, it
indicates that the neural circuit cuts connection to the electromechan-
ical device and the electric motor is switched off excitation from the
neural circuit. The physical parameter k; is relative to the material
property of the memristor and high value for k; means that intracellular
ions in the memristor are active to support the occurrence of magnetic
field. High order term associated with the memristive current iy in Eq.
(13) and Eq. (14) seldom supports an exact analytical solution for the
neural circuit. Therefore, scale transformation is applied to the physical
variables in Eq. (14), and a group of new dimensionless variables and
parameters are obtained by

u_Vu_IsRu_iLR ¢
17E7 27E7 37E7 (prCEd
t ., Ri; |,
T:R,S:fs, o =aR, f = pR3C’E?, (15)
R?C RR,C c
k=RCk;,ly =—, A = g = —.
1,41 LMT7 2 LMT7 3 L

Furthermore, the dynamics of the neural circuit in Eq. (14) can be
explored in a dimensionless memristive neuron by inserting the new
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variables and parameters in Eq. (15) into Eq. (14) as follows

du; ,

d—;: i—uw—us— (a + 369",

d

%:llul — AaUz,

dT 16)
u

d—: =a(y +1 —us),

0 _uy +ko.

ar u; + ke

In generic way, the sampled time series for the membrane potential
u; can be calculated by applying the fourth order Runge-Kutta algorithm
with a suitable time step, and then the changes of energy function in the
memristive neuron in Eq. (16) can be calculated according to the defi-
nition in Eq. (17). Furthermore, external membrane noise and even
electromagnetic radiation can be imposed to control the mode transition
in the neural activities. In fact, mode transition and changes in the
membrane potential in Eq. (16) will adjust the current variable u for the
load circuit, and then the torques is modified to control the movement of
the beam and jointed pendulums. The field energy functions kept in the
capacitive, inductive and memristive elements in Fig. 3 are defined, and
the corresponding dimensionless forms are respectively presented by

w=Ltew + 1LMTI§ + 1Lif + 1¢iM,
2 2 2 2 an
:lzluz+Lu2+Lu2+l((1’(ﬂ+3ﬂ(p3)u
CE2 21 21 221332 T

In an effective way, the average value <H > for the Hamilton energy
in Eq. (17) can be estimated within a transient period (running time for
numerical approach), and it is effective to predict energy shift, mode
transition and nonlinear resonance. Furthermore, the distribution of <H
> vs. noise intensity can be used to predict the occurrence of coherence
resonance and stochastic resonance when a maximal value is detected in
the curve for <H > vs. noise intensity D. For simplicity, additive
Gaussian white noise with zero average is considered, and its statistical
property is <&(7)E(s) >2D5(r—s). Applying similar scale transformation
for the physical variables (displacement and velocity) and parameters in
Eq. (7b) and kinetic energy of the moving beam W; in Eq. (8), an
equivalent dimensionless moving equation and energy function H; are
obtained in Egs. (18a) and (18b).

o,
dr 7’
o AaUssin(AsV't) — AgV, (18a)
VV[ 1 7TlV2 1 2
H=—t =T _ 22
T 2ck 27
, , NRC?ESB
1 1 " 1 (18b)
o l] - V]RC o mll
b=k =T M= g

The variables (x',v') represent the dimensionless displacement and
velocity. In fact, the mechanical energy including the kinetic energy in
the coupled pendulums and moving beam, field energy in the electrical
motor are mainly converted from the field energy in the neural circuit in
presence of external continuous electrical stimulus. Higher energy value
for H in Eq. (17) indicates that the memristive neuron in Eq. (16) can
generate continuous oscillation and then energy is pumped to drive the
motor and the jointed pendulums. On the other hand, continuous rota-
tion of the jointed pendulums will apply mechanical feedback on the
moving beam and the motor, and then the current in the motor coils is
changed to regulate the electrical activities in the neural circuit. That is,
the coils in the EM can be considered as load circuit, which can shunt
energy flow and apply feedback on the driving neural circuit as additive
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y " -

Elec-trical Motor

Fig. 4. Schematic diagram for jointed pendulums-coupled with moving beam and neural circuit. The N-turns coils in the electrical motor mark an inductance Ly,

and it is a load circuit to the driving neural circuit.

branch circuit.

As shown in Eq. (9), calculation of the angular velocities of the
coupled pendulums (w1, w2) still involves physical units. Inserting the
second formula in Eq. (14) into Eq. (9), and then applying the same scale
transformation on the variables and parameters, the dimensionless
angular velocities for the jointed pendulums can be estimated by finding
the solutions for the following equations.

de,
4"
RCrE(P; + 2P,)cos?0, [ [ uy Ry L @ ‘
= SNBSZ, (2)sin () Km - RLMTu2> sin(wz) + ﬂuzcos(w 7) |,
dg,
a2
RCrEP,c0s%0, u Ry L
- 2NBSPs(t)sin?(w'7) KLTH - RLMTu2> sin(wr)+

» ,
Wuzcos(w 7).

19)

where angular frequency wot = @'z, ® = AsV' and 7 = t/RC. A group of
physical parameters are included in the Eq. (19), and its numerical so-
lution is relative to the values of the physical variables. The parameters
in Eq. (16) and Egs. (18a) and (18b) are defined without physical units
for obtaining numerical results. In experimental way, all the parameters
should be endowed with standard international physical units. For
simple estimation, all the physical parameters can be selected with 1,
and then all the dimensionless parameters or coefficients in Eq. (16), Eq.
(18a), Eq. (18b), Eq. (19) can be simplified to select a parameter value 1
as well. Furthermore, the rotational kinetics energy for the jointed
pendulum can also be estimated in the first and second formulas in Eq.
(8) as well. In fact, the displacement x has direct relation to the angle 6,
and 0 in Eq. (10) no matter whether the force F(¢) is applied freely or
results from the driving from the electromechanical device coupled with
the neural circuit. According to Eqgs. (18) and (18b), the constraint
relation in Eq. (10) can be replaced with dimensionless variables as well,
and then the positions for the jointed points (Ao, By) and angles (61, 62)
are also obtained by updating Eq. (12) in dimensionless forms. Both Eq.
(2) and Eq. (3) defines the constraint relationship of torques for any
static balance and stability, and it is helpful to keep normal or safe arm
gait. If so, Eq. (9) and Eq. (19) provides a numerical estimation for the
angular frequency for the jointed pendulums. For simplicity, setting [; =
I; and P1—P», the frequency ratio between two pendulums is estimated
at w1:w2 = 2c05291/ coszf)z, or d0,/dd, = 2c05291/ coszé)z.To keep safe
arm gaits, the two angular frequencies for the jointed pendulums should
comply with the constraint relationship in Eq. (3), otherwise, two parts
of the jointed pendulums will rotate its jointed point freely. As a result,
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the artificial arm developed from the electromechanical arms seldom
keeps stability and breakdown occurs under external load bearing.
When the external force F(t) is generated from the moving beam, which
is interacted with the rotating EM, the tangential force from generated
from EM excites the jointed point By along the moving beam. As a result,
the jointed pendulums began to rotate under the torques generated by
the force F(t) and their gravitational moments. According to Eq.5 and
Eq. (7b), the constraint relations for the angles and displacement in Eq.
(12) can be updated as follows

dx _ v
de 7
dv _ NSIs(t)B (t)Bsin <1—} t) _ 1,
de mr r m
dn92 .
E — w2,
(20)

dw 3 NSIs(t)B . (v \ .
d—tz = ZPflz {2 #sm (; t) sinf, — P,cosf-, } s

1 — Lycos6.
cos0; = — (xgo — lrcost) = w,

l1 ll

(x — 1200592)
or,0, = arccos -1 /)
1

The channel current Is(t) can be obtained from Eq. (14), and the
movements of the jointed pendulums can be calculated from Eq. (20).
For numerical approach, similar scale transformation can be used to
convert the physical variables including velocity, displacement and
physical time into dimensionless variables (v, x, @'). In fact, Eq. (20)
assumed that the jointed point By can move in the x-y plane and the force
F(t) is kept along horizontal direction, and the jointed pendulums have
two freedoms in the plane space. However, in a practical way, as shown
in Fig. 4, the jointed point By is restricted to move along horizontal di-
rection because the electromechanical device (moving beam and EM) is
fixed on the experimental platform, and the jointed point By can't move
along y-axis direction. As a result, the jointed point Ay can move with
two freedoms and the constraint relation in Eq. (20) is updated by
removing the third and fourth formulas because the jointed point By
presents linear motion without rotation movement.

The work flow in Fig. 4 is summarized, external physical signals
including acoustic wave encoded by piezoelectric ceramics, illumination
via phototubes, filtered signal via thermistor or Josephson junction are
applied to control the firing activities. The time-varying neural signal
from the neural circuit drives the electrical motor, and its rotation di-
rections are controlled by the channel current across the resistor Ry.
Switch of negative and positive voltage for the capacitor will control the
rotation direction and frequency of the electrical motor, and then the
horizontal beam is activated to keep reciprocating motion via gear
coupling to the electrical motor. Reciprocating motion of the moving
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beam applies force and moment to the jointed pendulums via the jointed
point By, and then the gait stability of the jointed pendulums is
controlled. In this way, the relation between the angles (6;, 62) and the
displacement for point By is given in

{ ¥ = ygo = Lysiné, + Lysind, = Constant = I, @n

X = Xgo = l1c0s0, + l,c0805, 1 <y <l + 1.

The constant [y in Eq. (21) is the initial value for point By along y-axis
in the jointed pendulums. The correlation between the angles (61, 02)
can be estimated from Eq. (21) when the displacement x is detected. The
movement of the jointed point By is calculated in Eq.7b and its dimen-
sionless form in Eq. (18a) by measuring its displacement x' = x/I; with
time. The transcendental equation is updated with dimensionless form
to find numerical solutions of the angles.

Y =Yg = Y _ sinf; + lfzsinﬁz = ZB,
L L L 22)

L

cosh, = X'
L

x
R
X = Xp, = = cosf +

L

From Eq. (22), a stable and specific solution can be confirmed as 6; =
02 =n/2 atly =l =1p/2 and it indicates the moving beam is stabilized at
x' = x = 0. Usually, the upper arm length of adults is about 30-40 cm,
and the forearm length is about 20-30 cm. Therefore, the ratio l/1; can
be selected values from 0.5 to 1.0, and the ratio ly/l; can select values
from 1.0 to 2.0. During numerical approach in next section, the pa-
rameters can be selected as I/, = 0.8 and ly/l; = 1.2 (or, I/l; = 0.8 and
lo/l; = 1.5; I/} = 1.0 and lp/1; = 1.5). The second formula in Eq. (22)
indicates the displacement x' varies within the scope (—lo/l3-1) to (1+
I5/1)). It means that the jointed pendulums are restricted in the angels,
and it also applied feedback to the moving beam via the jointed pointed
By. Combing the dynamical description in Eq. (16) and Eq. (18a), the
correlation between dimensionless displacement and variables for Fig. 4
are described by

du . ,
d—; =1 —u—us— (d +3F¢*)w,
du.
d_: = My — AUy,
du.
T: =A3(ug +1 —u3),
(23)
@
59 _ k
ar u; + ko,
dx' v
dr
dv , ,
d_: = AqUsSin(AsV'7) — AV

From dynamical viewpoint, external stimulus i’y modifies the excit-
ability of the neuron, and different firing patterns are activated
accompany with suitable channel current uy, which controls the moving
beam via the gear meshing from electrical motor, and then the jointed
pendulums are excited via the jointed point By. That is, any changes of
the exciting current i's will modify the variable u;, and then uy is adjusted
to control the displacement x’' and moving velocity V', as a result, the
coupled pendulums rotate against the jointed point (Ao, O). For effective
numerical approach of angle 6, and 61, the time series x' from the fifth
formula in Eq. (23) can be used in Eq. (22), and the two constraint
equations enable numerical finding for ¢; and 6,. There are nine pa-
rameters in Eq. (9), the neural circuit can be tamed to present different
firing activities, and the displacement x' for the moving beam is
controlled. Indeed, parameter setting should be selected carefully so that
the constraint criteria in Eq. (22) can be satisfied, otherwise, the
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displacement x' will obtain large values and the jointed pendulums are
destroyed. From physical aspect, external excitation injects energy into
the neural circuit, and a part of energy is converted to mechanical en-
ergy of the moving beam and the jointed pendulums. For potential
application, continuous forcing to the jointed pendulums via the moving
beam can be considered as a kind of rehabilitation training on disabled
arms.

3. Dynamical analysis and discussion

As shown in Fig. 4 and Eq. (23), the fourth order Runge-Kutta al-
gorithm can be applied to find numerical solutions for the dimensionless
variables. Furthermore, the changes of angles (63, 63) can be detected
from Eq. (22) and the movement of the coupled pendulums can be
discussed. In this way, the driving and response in the neural circuit-
coupled electromechanical arms can be analyzed. For clear illumina-
tion, it is interesting to clarify the dynamics of the jointed pendulums,
neural circuit, respectively. As presented in Eq. (3), the stability of the
coupled pendulums is dependent on the excitation F(t), which can be
selected with different kinds of signals. For example, external mechan-
ical force can be applied to the end point By along the horizontal di-
rection. In numerical way, we can select one variable from the Lorenz
system as external force F(t), and the response of the rotation can be
obtained by

dx

—=a(Y -X),

4 —aY -,

dy

—=bX-Yy—XZ,

dz Yy ;

d—Z:XY—cZ, (24
dr

0, = arct; Pyt 2P = arct Pyt 2P

VST T T

P. P.
6, = arctgi = arctgﬁz.

Setting parameters (q, b, c) to suitable values will develop periodic or
chaotic states in the Lorenz system. For example, a = 10, b = 28, ¢ =
2.667 will induce chaos in the Lorenz oscillator. For simplicity, the
jointed pendulums can select the same gravity as Py = Py = P, and the
angular frequency of the coupled pendulums under any stability can be
estimated by

_d¢y 3P , dX  3aPcos’0,

01 =3 T Toxt% '915 = *72}:2(1(*)()7 25)
_dg, P, dX  aPcos’6,

W =" = —55C08 HZE =———(Y-X).

In chaotic states, the angular frequencies for the jointed pendulums
will present chaotic changes while applying periodic forcing can make
the rotation of coupled pendulums produce periodic changes in the
angular frequencies. However, time-varying angular frequencies in the
jointed pendulums still support dynamical balance between the two
coupled pendulums. Most of the chaotic systems can be controlled to
present periodic states and the sampled time series will keep distinct
period. Therefore, the parameters in Lorenz system and Eq. (24) can be
adjusted to apply periodic signals for F(t) = X(t), and the jointed pen-
dulums will be controlled to present periodical motion. On the other
hand, generic and mathematical neuron models can be excited to pre-
sent spiking and bursting patterns, and a neuron model can be used to
replace the Lorenz system in Eq. (24). As a result, similar neural signals
can be applied to drive the coupled pendulums for predicting the me-
chanical and dynamical response in presence of neural stimulus.

For the neural circuit without considering load coils of the electrical
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Fig. 6. Distribution of rotation angles vs. external force F(t) = 0.5cos(0.2 t). For
(al, a2, a3) P, = P, =1, (b1, b2, b3) P, = P, = 4.

motor (EM), its electrical activities can be estimated by simplifying Eq.
(16) and the correlation between three variables is shown in Eq. (26).

duy; /

E =1, — U3 — ((l + 3/{(/)2)111-,

du.

dij = ﬂ3(ll] +1-— ug), (26)
d

d—(f:ul Jrk(/)

Its intrinsic Hamilton energy can be derived from Eq. (17), and it
meets the following form
1 2 1 2 1 ; 3
H:§u1+273u3+§(a¢+3ﬂ(p Juy. @27

Any adjustment of the external stimulus and noisy excitation on the
neuron in Eq. (26), the excitability will be modified to induce suitable
firing modes in the electrical activities. According to Eq. (27), the energy
values for the memristive neuron are changed synchronously, and
continuous change of the intrinsic parameters of the memristive neuron
will induce shift between the average energy levels. For example, the
average energy for the Hindmarsh-Rose has four distinct levels and
taming one bifurcation parameter can induce energy shift between the
four levels for the average energy [121] accompanying mode transition.
From physical viewpoint, average energy <H > within a transient period
estimates the average power and it has similar role as signal to noise
ratio (SNR) in predicting the occurrence of nonlinear resonance. Indeed,
its energy function can be further verified by using the Helmholtz the-
orem when the neuron model in Eq. (26) is rewritten in a vector form as
follows
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The energy function H for Eq. (26) is the same as the form in Eq. (27)
because it meets the criterion as follows
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And its derivatives to time is verified by

dH i oA
ar VHTFd(Uh us, @) = [ls + 6//(,021-[1} EJF
oH u oH
B 51 OH o , 2, 53 —
[/13(1 us +3ﬂ’¢ )}au3+ “ ¢<a +3ﬁ/¢ +ul k>:| (kﬂ.

(30)

In presence of noisy excitation, the isolated neuron can be tamed to
present coherence resonance accompanying with high regularity in the
neural activities. In practical way, the average energy <H > in Eq. (27)
can be calculated to predict the emergence of coherence resonance. That
is, <H > obtains a highest value within a transient period and it means
that the average power reaches the maximal values. It provides a better
way rather than calculating the common distribution for CV (coefficient
of variability) and signal to noise ratio. Similarly, the energy function H
for Eq. (16) can also be verified by using Helmholtz theorem when it is
rewritten with an equivalent vector form as follows.
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Indeed, the energy function in Eq. (17) is the sole exact solution in
Eq. (32), and the energy evolution vs. time is calculated by

dH . : oH
. VH'Fa(u1, up, us, @)= [i; + 68 ¢ w] ™

oH
duz
oH
W

. . OH
+( = Aatz + 3118 9%) F

+{fu1 + ko — <a’+3/)"¢2 +¥>¢}
1

It should be emphasized that the mechanical energy for the moving
beam and the jointed pendulums are not associated with field energy
because it seldom meets the applicable conditions for Helmholtz theo-
rem. Therefore, the total energy for Eq. (23) can be approached by using
the Helmholtz theorem, and then the mechanical energy can be obtained
by using physical scheme defined in Eq. (8) when the angular frequency
for the jointed pendulums are available.

In experimental way, external electrical stimulus controls the output
voltage of the neural circuit, and then the channel current in the load

+23(1 —us + 38¢°) (33)
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The new energy function for the memristive neuron considering load
regulation in Eq. (16) and Eq. (31) can be approached by the theoretical
solution for the following formula

, oH oH
[7112 — Uz — ((X +9ﬂ(p2)u1]o—+ﬂl(u1 — Bﬂ,(p3) —+
U duz (32)
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circuit of the electrical motor is changed to control the velocity of the
moving beam via gear interaction. Continuous impact or pull to the
jointed point By, which connects the end and terminal of the moving
beam and the pendulum, will control the gait of the coupled pendulums
completely. In this way, neural signals are propagated to control the
electromechanical arms effectively. For generic dynamical analysis,
numerical solutions for Eq. (22) and Eq. (23) can be obtained by taming
the external stimulus even noisy disturbance is applied. For energy
analysis, Eq. (17) presents complete description for the neuron-
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Fig. 7. Evolution of membrane potential vs. time. For (a)w = 0.5; (b)ow = 1.0; (c)w = 1.5. Setting parameters a = 0.01, # = 0.001,A = 2.3,k = —0.3, 1; = 0.8, 15 =
0.2, 13 = 0.6, 14 = 0.3, 25 = 0.2, ¢ = 0.5, and external periodic forcing i's = Acos(wr). Inserted figures are enlarged version within finite period 500 to 600 time units.

electromechanical arms developed from the neural circuit coupled with
jointed pendulums. For energy dependence on firing modes in the
memristive neuron, Eq. (17) and Eq. (27) denote exact energy functions
and the distribution of average value <H > vs. noise intensity provides a
feasible way for predicting the coherence resonance and stochastic
resonance under noisy driving. Following our study and suggestions in
this work, assistive wearable devices can be adhered to the arms and
electrical signals from miniature neural circuits can be activated to
control the skeletal muscles, and then the disabled arms can be trained
to present normal gait.

For clear understanding the relation between the neural circuit,
moving beam and movement of the coupled pendulums, numerical re-
sults are provided by setting different mechanical forces, and then the
neural activities are also calculated during the interaction between the
electromechanical device and the neural circuits. According to stability
criterion for jointed pendulums in Eq. (3), setting different external
forces can keep stability in the jointed pendulum, and the results are
plotted in Fig. 5.

By applying different constant forces on the jointed pendulums, the
two rotation angles are modified to keep static body gaits. That is, under
the stability restraints from Eq. (3), any external forces will adjust the
two rotation angles synchronously and adaptively. In fact, we assumes

that the external force can produce anticlockwise torques to balance the
clockwise torques resulting from gravities of the pendulums and Eq. (3)
is obtained. In fact, applying horizontal left-direction force can generate
clockwise torques while the gravities of the pendulum will generate anti-
clockwise torques, and then the jointed pendulums can also keep
dynamical stability. Furthermore, time-varying force is applied to track
the stability in the jointed pendulums, and the results are plotted in
Fig. 6.

When periodic force is applied to control the jointed pendulums, the
rotation angles also show symmetrical changes with time. In particular,
any changes of one rotation angle will trigger synchronous change of
another rotation angle so that the jointed pendulums keep stability
completely. Extensive numerical results for F(t) = A+Bcos(0.2 t) can
confirm similar results by setting different values for the amplitudes (A,
B). According to Eq. (24), chaotic series can be selected for external force
F(z), stability criterion in Eq. (3) supports adaptive regulation of the
angles for presenting chaotic changes with time as well. Fig. 5 and Fig. 6
discussed the case that the jointed pendulums are controlled by external
mechanical force. Following the stability criterion in Eq. (3), the two
angles changes synchronously to keep balance in the torques. From Eq.
(23), external electric stimulus control the neural circuit (and neuron) to
present periodic or chaotic state, and then the shunted current across the
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Fig. 8. Evolution of displacement (a), (b)velocity of moving beam, (c, d) rotation angles and (e) angle error for the jointed pendulums driven by neural circuit.
Setting parameters a = 0.01, # = 0.001, A = 2.3, w = 0.5, k = —0.3, 1; = 0.8, 13 = 0.2, 43 = 0.6, 14 = 0.3, 45 = 0.2, 46 = 0.5, and external periodic forcing i'; = Acos

(w7). Scale on the vertical axis is marked with degree angle (not radian).
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Fig. 9. Evolution of displacement (a), (b)velocity of moving beam, (c, d) rotation angles and (e) angle error for the jointed pendulums driven by neural circuit.
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Fig. 10. Evolution of displacement (a), (b)velocity of moving beam, (c, d)
rotation angles and (e) angle error for the jointed pendulums driven by neural
circuit. Setting parameters « = 0.01, # = 0.001,A = 2.3, w = 1.5, k = —-0.3, 4
= 0.8, 1o = 0.2, 13 = 0.6, 44 = 0.3, 45 = 0.2, 4 = 0.5, and external periodic
forcing i's = Acos(wr). Scale on the vertical axis is marked with degree angle
(not radian).

electric motor will produce different torques and then the jointed pen-
dulums are controlled to present different movements. The changes of
three variables of the neurons are plotted in Fig. 7 when the neuron is
excited by periodic signal i's = Acos(wr). Furthermore, modifcation of
the displacement, velocity of the moving beam, rotation angle agnist the
jointed point O is presented in Fig. 8 following the criterion for angles in
Eq. (22).

In presence of periodic excitation on the neuron, it used to present
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periodic firing patterns and the channel current across the load circuit
adhered to the electronic motor also keeps periodic signals to induce
periodic force, which controls the stability of the jointed pendulums.
Furthermore, setting the corresponding forcing frequency, the changes
of displacement, velocity and angles are calculated in Fig. 8, Fig. 9 and
Fig. 10, respectively.

From Fig. 8 and Fig. 9, the displacement and velocity show switch
between positive and negative values, it indicates that the moving beam
and jointed point By keep continuous reciprocating motion, and then the
rotation angles are controlled with appropriate gaits. Further increasing
the forcing frequency of external electric stimulus on the neural circuit
as shown in Fig. 10, periodic neuron controls the electromechanical
beam and the jointed pendulums to move along negative direction,
which the displacement x' becomes negative within a transient period
about 500 time units. From Fig. 10(b), the velocity keeps transition
between negative and positive values, and it means that reciprocating
motion still occurs for the moving beam and coupled pendulums.

When the neuron is excited to present periodic activities, the periodic
channel current in the load circuit of EM seldom supports periodic
displacement and velocity of the moving beam. That is, both of the
electromechanical devices including the moving beams and the jointed
pendulums move in non-periodic way. When the displacement and ve-
locity of the moving beam are fixed a constant, the rotation angle is
stabilized. On the other hand, irregular changes in the displacement of
the moving beam means switch of the moving velocity, and then the
rotation angle becomes irregular synchronously. In fact, the jointed
pendulums interacted with the moving beam and the EM is controlled by
the damping force, and then the neural circuit is controlled due to the
feedback via the load circuit. Therefore, the neural activities of prefer to
keep periodic types. On the other hand, it also means external me-
chanical force and training via EM can suppress chaos in the neural
circuit.

In a summary, skeletal muscles control the arms/legs via neural
electric signals and thus the body can keep safe gaits. On the other hand,
activation of body gaits has positive feedback to the nervous system due
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to electromechanical coupling. Therefore, the neurons in the nervous
system can present mode transition in the neural activities. The arm
motion can be considered as a kind of jointed pendulums stimulated by
external excitation from a neural circuit, which suffers a feedback
modulation via the equivalent induced current across the electrical
motor or inductor in the feedback loop by adding an additive branch
circuit of the driving neural circuit. That is, the external stimulus acti-
vates the neural circuit, and the electrical signals applied a mechanical
forcing on the jointed pendulums, while the rotation of the coupled
pendulums generates suitable feedback current via electromechanical
coupling as muscle contraction. As a result, the interaction between
muscle and neural electrical signals is explored in a couple jointed
pendulums coupled by a neural circuit. The moving beam driven by
electrical motor and the neural signals from the neural circuit plays
similar role as muscle in the body. We just discussed the case that the
jointed pendulums and the moving beam are controlled to move or
rotate in the same plane space. It is worthy of investigating the case
when the coupled pendulums and moving beam are connected by using
spherical joints, and then the jointed pendulums can present different
arm gaits in three-dimensionless space. In extensive studies, springs can
be introduced to connect the jointed pendulums, and further involve-
ment of electrical signals from neural circuit can be effective to control
the elastic force via these springs. That is, electrical signals-controlled
springs can be used to control the stability and dynamical states of the
jointed pendulums and artificial arms can be designed to give help to
animals with disabled arms or legs. Appearance of neural diseases
[122-124] is harmful for activating normal body gaits, and clarification
of oscillatory characteristic of brain electric activities [125-127] are
helpful to propose possible schemes to aid neural regulation. Further-
more, electromechanical devices can be designed to aid the stability of
body gaits and movement. This work just used a neural circuit to control
the movements of the jointed pendulums, the complex movements of
jointed pendulums with higher freedom requires activation of more
neural circuits, and the synchronous control of neural networks [128]
can be helpful to control the cooperative movements of the artificial
manipulators and electromechanical arm/legs.

4. Conclusions

In this paper, a simple electromechanical coupling device is proposed
to explore the interaction between muscle and nervous signals. A couple
of jointed pendulums are forced by a moving beam driven by an elec-
trical motor, which the current is shunted from a neural circuit. Any
physical stimuli applied to the neural circuit will regulate the output
voltage and channel current across the electric motor adhered to the
moving beam, which can impose continuous force and suitable moment
to the jointed pendulums. On the other hand, changes of the gait in the
jointed pendulums will impose force feedback on the moving beam and
the connected motor, in which the coils is considered as a load branch
circuit, and then the channel current across the motor coils will apply
feedback to the driving neural circuit. This processing is similar to the
interaction between skeletal muscles and electrical signals from the
nervous system because muscle contraction can regulate the neural
signals. The correlation between physical variables for the jointed
pendulums, moving beam and neural circuit are described and exact
energy functions are defined, furthermore, dimensionless models and
Hamilton energy/kinetics energy are obtained by applying scale trans-
formation on the variables and parameters in the physical definitions.
The driving-response processing in the electromechanical device pro-
vides possible clues to design and control artificial arms for those
disabled animals or humans. It also indicates that mechanical training is
helpful to control the neural activities and then the nervous system can
be guided to behave suitable firing patterns.
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Abstract An effective and rapid response of muscle contraction and relaxation is crucial for performing appropriate body
gaits, including movements of the arms and legs. Any deformation in the muscles can disrupt gait stability, making muscle
movement difficult. The arm, consisting of the radius, ulna, and humerus, can be modeled as mechanically jointed pendulums,
with tensions from the arm muscles varying during contraction and relaxation. In a static state, the muscles maintain constant
tension and length, even when external gravitational force is applied to the hand. This study presents a system in which a pair of
jointed pendulums is driven by artificial muscles, represented by flexible ropes wound around the edge of an electronic motor’s
wheel. Muscle movement is simulated through the adjustment of the length of the flexible ropes attached to the motor.
Switching between the clockwise and counterclockwise rotation of the motor modifies the length of the flexible ropes,
thereby altering the intrinsic tensions to control arm movements. Electrical signals from a simple neural circuit are used
to control the rotation of the electronic motor, enabling the regulation of muscle movement in the arm model by adjustable
flexible ropes. The stability criterion for the electromechanical arm is derived, and the interactions among the neural
circuit, electronic motor, and jointed pendulums are examined in detail. The results and proposed scheme can contribute to the
design of controllable artificial arms, providing potential assistance to disabled arms by incorporating auxiliary artificial

muscles.

Keywords jointed pendulums, muscle relaxation and contraction, neural signal, artificial muscle, control
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1 Introduction and block signal propagation [6—10]. In severe cases, the

A continuous heartbeat maintains stable blood pumping,
resulting from the ongoing relaxation and contraction of
cardiac tissue controlled by electrical signals emitted from
the sinoatrial node, which generates stable target waves
[1=5]. Specifically, the sinoatrial node produces impulses
that coordinate the heartbeat as these pulses propagate
through the cardiac tissue. Any ischemic defects in the car-
diac tissue can obstruct the propagation of target waves,
potentially inducing arrhythmia and leading to the formation
of spiral waves in the heart. These spiral waves, which ex-
hibit a higher rotation frequency, can suppress target waves
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breakup of these spiral waves can lead to fibrillation, making
sudden cardiac death inevitable [11—14]. Therefore, con-
tinuous and robust regulation of cardiac tissue through
electrical signals is essential for effective blood pumping,
hemoglobin, and oxygen exchange, and maintaining a
healthy metabolism. Conversely, the brain cortex plays a
critical role in signal processing, body movement control,
and decision-making. For example, the selection and control
of body muscles are mainly governed by neural signals ori-
ginating from the brain and spinal cord.

Stable body gaits and safe body movements mainly rely on
the adaptive regulation and control of muscles, including
those in the arms and legs. The relaxation and contraction of
muscles in various limbs are governed by electrical signals

tech.scichina.com link.springer.com
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from the nervous system [13—17]. Damage to the arm or leg
muscles can significantly restrict limb movement. Conse-
quently, designing electromechanical devices can provide
valuable assistance to disabled animals and humans [18],
enabling disabled arms or legs to perform appropriate body
movements and maintain safe gaits. The movements of
jointed skeletons are constrained and depend on the tension
of the attached muscles. Many movement disorders are as-
sociated with the disruption of neural signal propagation,
resulting in muscles losing control of the neural signals
originating in the brain. To address this, electromechanical
devices can be utilized to assist body movements, enabling
disabled arms and legs to perform appropriate gaits. The
driving forces for robotic arms, legs, or manipulators can be
achieved through the use of hydraulic devices, electric mo-
tors, and artificial muscles, with movement freedom being a
critical factor for robotic manipulators. The instantaneous
motion state should be monitored, allowing rapid feedback to
adjust the manipulator and electric motor accordingly. For
example, neural networks can be trained to control robotic
manipulators [19—22], enabling the detection of potential
faults to prevent incorrect movements. Alloys with distinct
shape memory properties exhibit material and mechanical
characteristics similar to those of muscles and tendons
[23—26], making them suitable for fabricating flexible
manipulators, as discussed in recent reviews [27]. Ad-
ditionally, joint braking mechanisms can be activated using
magnetorheological fluids [28—31]; for further guidance,
refer to the reviews and references therein [32—34]. Two-
degree-of-freedom robotic manipulators [35—38] control
movement within a plane, and their characteristics can be
emulated using jointed pendulums [39]. The nervous
system exhibits highly self-adaptive properties, enabling the
body to maintain stable and safe gaits. However, artificial
electromagnetic devices and manipulators are subject to in-
evitable stochastic disturbances or excitations. For example,
a flying bird can adaptively control its wings even in com-
plex wind conditions. Refs. [40,41] discuss the impact of
stochastic disturbances on airfoils in hypersonic flows and
outline potential control strategies. Beyond nonlinear vi-
bration, complex movements such as rolling motion under
stochastic disturbances merit further study, with relevant
insights and guidance found in recent works, such as in
ref. [42].

In this study, two jointed pendulums are used to simulate
the mechanical properties and movements of disabled arms.
The disabled arm muscles are replaced with an artificial
muscle device, implemented using flexible ropes attached to
an electronic motor, with tension adjustments made by
changing the rope length. The rotation of the electronic
motor is regulated by current diverted from a neural circuit,
which is controlled by external electrical stimuli. Conse-
quently, the tensions applied to the jointed pendulums are
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modified to maintain balance with the external weight/load
and the intrinsic weight of the arm simultaneously. The
torques and tensions produced by the artificial muscles are
controlled by electrical signals from two coupled neural
circuits. The stability conditions for the electromechanical
arm driven by artificial muscles are analyzed through dy-
namical equations, and the energy characteristics of the
neural circuit are also clarified. The suggestions and dis-
cussions presented in this work offer valuable insights for
designing artificial arms and provide potential assistance for
disabled arms and legs.

2 Model description and control discussion
The movement of muscles is controlled by neural electrical
signals, enabling muscles to relax, contract, or maintain a
fixed shape. Specifically, the length and cross-sectional area
of muscles can be adjusted to maintain different body gaits,
which depend on the propagation of electrical signals and
external forces. Muscles control the movements of the arms,
legs, and even the heartbeat, with electrical signals emitted
from the sinoatrial node to generate target waves in cardiac
tissue. Running and walking rely on the movement of leg and
arm muscles, which are controlled by neural signals from the
brain. Additionally, the heartbeat is associated with con-
tinuous contraction and relaxation in cardiac tissue, regulated
by calcium flow and modulated by electrical signals from the
sinoatrial node during wave propagation in the heart. As
illustrated in Figure 1, arm extension and bending can be
controlled by the arm muscles. According to the anatomical
structure of the arm, the upper and lower arms can be
modeled as a pair of jointed pendulums, as illustrated in
Figure 2. The rotation angles relative to the horizontal or
vertical direction can be adjusted by activating muscle ten-
sions or applying external forces.

As illustrated in Figure 1, an electrical stimulus to the
muscles or external gravity will alter the arm’s gait during
muscle movement. From a mechanical perspective, the arm’s
skeletal structure is similar to the movement of two jointed
pendulums, as illustrated in Figure 2.

As illustrated in Figure 2, the point where the scapula
hangs and the connection between the humerus and ulna (and
radius) can be considered as two jointed points for a pair of
connected pendulums. The muscle tensions in the arm can be
modeled by applying an equivalent external force F(7) at the
terminal end B, of the jointed pendulums. Consequently, the
jointed pendulums can be treated as an artificial arm, with
their movement and stability depending on the intrinsic
gravitational forces of the pendulums (P;, P,) and the ex-
ternal force F(¢) under torque balance.

According to the jointed pendulums model in Figure 2, the
stability criterion is derived by
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F(f)

Figure 2 (Color online) Jointed arms vs. coupled pendulums. O, 4,, and B, denote the joint points. The lengths of the humerus and ulna are represented by
1, and 1, respectively. An external force F(¢) is applied via a beam with length /.

[,cos0,=P;- lz—zsinﬁz,

(I,cos0,+ 1,cosb))

F(t)-

F(1)- (1)

- | /;sinf, + b 51n92]

In the stable state, the rotation angles (6, 6,) remain stable
due to the balance between the clockwise torques generated
by Py and P, and the counterclockwise torques induced by
the external force F(7), as follows:

tand, = %,

2
tand. = 2F (1) 2
A= pr2py

From eq. (2), any change in the external force F(f) or the
muscle tensions will modify the arm gaits by simultaneously
adjusting the rotation angles. Considering the flexibility of
the arm muscles, as illustrated in Figure 3, flexible ropes are
wound around the electronic motors (EM1 and EM?2) to si-
mulate the relaxation and contraction of the arm muscles.
The intrinsic tensions produced by EM1 and EM2 are de-
noted as 7 and 75, and the corresponding angles relative to
their pendulum lengths will remain constant when the jointed
pendulums maintain static stability.

Suppose EM1 and EM2 have the same physical config-
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uration, with N-turn coils and intrinsic resistance R,. When
an external current Ig = I,,.,, is applied to the EMs, the
rotational torque and tangential force along the wheel edge
are given by

M =P, xB,
(3)

M| NsBIL,
2]" 0 2

—- Holrsin(e, B) = klg(¢)sin(w ).
The current through the electronic motor (EM) can be
shunted from a neural circuit, with the coils in the EM

functioning as a branch circuit that serves as a load for the
driving neural circuit. Here, ry represents the motor radius,

F(7)

Figure 3 (Color online) Static jointed pendulums for stable arm gaits
under the tensions of the artificial tissue without external load bearing.
EMI1 and EM2 represent electronic motors wound with flexible ropes.
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and the gain k is related to the coil size and the internal
magnetic field intensity B when the EM is activated by the
current /(). The rotational frequency o, is controlled by the
external load and becomes constant once the system reaches
a stable state. When EM1 and EM2 are endowed with the same
physical parameters, the tension 7| = 7, = 7, and this value is
proportional to the current Ii(f) flowing through the motor
coils. Similar to the situation depicted in Figure 2, the torque
balance between the jointed pendulums is described by

Mp+ Mpy = My + My + M. 4)

That is, the clockwise torques generated by P, and P, will
balance against the counterclockwise torques generated by
F(?), Ty, and T,. Specifically, the external force F(¢) provides
additional support for the counterclockwise torques and can
be set to zero when the two intrinsic tensions in the artificial
muscles (flexible ropes via the EM) are sufficient to control
the arm gaits. For simplicity, let F(¢) = 0, and the criterion for
torque balance is expressed as

712 . ZZSII]QZ = Pz . {2—2Sin02,
T, [lsinQ, + [;sin(0,— 0, + Q)] + T} - [, - sinQ, (%)
=P, lz—zsinHerP1 . %sin@l.

The relationship between torque and force arm is provided
in the Appendix. As a result, the rotation angles are given by

Siﬂ@z = ZB Pszlng22 >
: . (6)
sind, = 2Tsin(0,— 0+ Q) +2Tisin, .

Py

The rotation angle 8, for pendulum OA4 depends on the
interaction between the tensions 7y, 75, and the gravity P;.
Similarly, the rotation angle 8,, controlled by the gravity P,,
also influences the changes in angle &, Once the rotation
angles (6, 6,) are obtained numerically, the corresponding
angular velocities can be derived synchronously as w = dé/dr.
According to the law of rigid body rotation, the relationship
between angular acceleration and external torque for the
jointed points (O, 4,) is expressed by

d 01 _ da)l
Jogr ~loar
(1P 1P lez &0,
3 T3gn V) de2
= T[1,sinQ, + [;sin(0,— 0, + Q,)] +,
/ / (7
T, 1, - sinQ —le~ Zsind, + Py - 5sind;|
&6 dw, _ 1P, ,,d0
Jpo2 =Juo a2 =723
4042 A0 dt 387 dr?
= T,l,8inQ2, —lez—zsinﬁz.
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Eq. (7) reduces to the same form as eq. (5) when the jointed
pendulums are stabilized and not rotating over time. In the
two-dimensional space, the positions of the jointed points
(4, By) can be determined by

x4, = 1sindy,y 4 = licosO,,

®

xp, = lisind, + [sin0,,y 5 - = [,c080, + [,c080,.

In the presence of gravitational disturbance, a gravity force
P is applied at the endpoint By, similar to the case where the
hand is holding a weight P, as illustrated in Figure 4.

The torque balance for the jointed pendulums in Figure 4
can be expressed as

T, - 1,sinQ, + F(t) - ,cos0,
_p,. lz_zsin02+ P-1,-sind,,

T, - [1,81nQ, + [;sin(0, — 0, + Q)] + T, - [} - sinQY,
+F(¢) - [/,c080,+ [,cos0,]

©

=P, 1251n02+P] L ~sind,+ P - [1,sind, + [;sind, ].

When the external force F(f) is removed, the relationship
between the rotation angles is given by

2T5sinQ),
sind, = p, 2P 1)
ng, = 2Tsin(6,—0,+ Qz)+2Ts1n£21
sin6, = P, r2P

The involvement of the external weight P alters the angular
frequencies in (¢, 6,), while the artificial muscles are
regulated to generate varying tensions (7}, 77) to maintain
dynamic balance in the jointed pendulums. In this manner,
the arm gaits are adjusted in synchrony with changes in the
external weight P. As shown in eq. (3), the tension values
(T, T,) are proportional to the channel current 7, = I
flowing through the N-turn coils in EM1 and EM2. Theo-
retically, the stimulus /g can be generated by a piezoelectric
ceramic through the capture of acoustic waves [43, 44] or by
photocurrent generated across a phototube through the con-
version of external illumination. In practice, the forcing
current /g can be derived from a simple neural circuit con-
sisting of a capacitor, inductor, nonlinear resistor, and a
voltage source. As a result, the N-turn coils in EM1 and EM2
can be treated as additive load circuits to the neural circuit.
Assuming the load coils have an inductance denoted as Ly,
and both EMs are selected with the same inductance, Ly =
Lyto = Lyr, In Figure 5, external illumination is applied to
activate the phototubes, generating photocurrents. These
photocurrents are then used to excite the two coupled neural
circuits via a resistor with resistance R. The shunted currents
across the load circuits with intrinsic inductance Ly;r will
activate the electronic motors EM1 and EM2.

The relationship between the physical variables in Figure 5
can be expressed as
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Figure 4 (Color online) Static jointed pendulums for stable arm gaits in
the presence of an external gravitational load P. Py, P, and P represent the
gravitational forces acting on the pendulum OA,, AoB,, and the external
weight, respectively. EM1 and EM2 apply intrinsic tensions along the
flexible ropes, marked as T and 7>, respectively.

FEC,

Figure S (Color online) Schematic diagram of the coupled neural circuits
driving the EMs. The photocurrents ip; and ip, are generated in the pho-
totubes under external illumination. R, represents the intrinsic resistance in
the load circuit, and R is the resistance of the resistor in the coupling
channel. NR is a nonlinear resistor, and the functional electronic component
(FEC) can be chosen from options such as a memristor, induction coil,
Josephson junction, thermistor, or piezoelectric ceramic.

an . . . VN
Cld_l‘l:lPl”Mn”NRlJr 2R L
di .
Lyr C]ﬁﬂ = V= Roiyr "
A A 2 (D
Corgf “ i " iun "t TR
di .
Lyr 2{72 == Roiyro

For simplicity, the channel current through the nonlinear
resistor (NR) is given by

] 1 V12 V13
inet = 5| Nt Ez )
(12)
. i, 2 v
IN2 =7 ht E  E2|

The intrinsic parameters (£, p) are related to the material
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properties of NR and can be estimated by measuring the i-v
curve in the experimental circuit. The field energy (W) is
mainly stored in the capacitive and inductive components,
including capacitors and induction coils, in the neural circuit
illustrated in Figure 5.

1 1

2 2 2 (13)
For the numerical approach and dynamical analysis, the

physical variables in eq. (10) can be redefined as di-

mensionless variables using a scale transformation [39, 45]

as follows:

102 2 2,1, 2
W= jclVl 5 Lyrivm T 5CVa + 5 Lyriyr-

" pi t V;
X1 zflayl = ngaf: pcla'xZ :F2’
_pi 0 _Pipt o _ pi
2
PG, Ry G5 p
a=TT Rk C2’5 R

As a result, the dynamics of the coupled neural and arti-
ficial muscle model are described by

% =i pr X a —xy 6(g —x),

d

% = a(x; — by),

“ (15)
d_rz =i =y Xy xg =) + e~ xy),

d

% = a(x; — by,).

Additionally, the field energy W is replaced by an
equivalent Hamilton energy H, as follows:

w1
H=——=5x

oyl yexd + oy, (16)

When two capacitors are selected with the same value, C,
= (C, = C, egs. (15) and (16) can be updated by setting the
parameter ¢ = 1. By varying the external photocurrents, the
two load circuits are excited to drive EM1 and EM2, al-
lowing the artificial muscles to effectively stabilize arm
gaits. To further enhance the controllability of the neural
circuit in Figure 5, memristors [46—50] can be added to the
branch circuit. The memristive channels can perceive and
capture external physical signals in the presence of an elec-
tromagnetic field, enabling the encoding of external field
energy to excite the EMs, even when the external photo-
currents are of low intensity. Egs. (15) and (16) provide di-
mensionless definitions for the variables and the energy
function. The current variables across EM1 and EM2 in
Figure 5 and eq. (15) are denoted as iyt and iyry, Which
control the torques in the EMs and the tensions in the arti-
ficial muscles defined in eqgs. (3) and (5). That is, I5(¢) = L.0r0r
= ipmr. In conjunction with eq. (15), the tensions in the arti-
ficial muscles generated by the EMs in eq. (3) can be updated
as follows:
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M| nspr
lez—ro_ 2rS151( ,B)
NSBIMT] —=sin(e, B) = kiypy,
o
- a7
M| nsBI
T2=%— 27, 52sin(e, B)
NSBZMTZsm(e B) = ki,
o

The coefficient & is related to the physical properties of the
EM, and the dimensional tensions (7', 75") for the artificial
muscles are expressed as follows:

, _ N _ Tro _ NSBiyn
T Py CFE 2CE ——sin(e, B)
NSB . _ ,
= 2,CESne By =K'y,
’ 7&7 T2r0 — NSBiMTZ S B 18
T2 PO C1E2 2C1E2 (eaB) ( )

NSB . ,
= 2,CES @By, =K'y,

Py p_ P

Pl "o
UER R N

P'y= Bt

The dimensionless gain £’ can be considered an intrinsic
parameter for the artificial muscle. Furthermore, the torque
balance criterion in eq. (6) is also updated as follows:

sind, = 72T2;}n92 ,
. . (19)
sin61 _ 2T2S1n(017 62+ QZ) +2T1S11'191 '

Py

Considering the tension properties of the artificial muscle,
the maximum torque resulting from the muscle tension can
be achieved by setting sin{); = sinQQ, = 1, where the tension
directions are perpendicular to the pendulum length. In this
case, eq. (19) can be simplified as follows:

. 2Ty 2k'y
sind, = 7y
" _ + ]
Sin01 _ 2T2()OS(0}2)'1 01) 2T1 (20)
_ 2k'y,co8(0,—0) +2k"y,
= 7 ]

According to the stability condition for the jointed pen-
dulums in eq. (20), any change in the variable y;, generated
from eq. (15), will simultaneously modify the rotation angles
(61, 6,), and the arm gaits will stabilize quickly. In the pre-
sence of external weight P, the torque balance criterion in eq.
(10) can also be updated by setting sinQ); =sinQ), =1 (or Q; =
Q, = 7/2) as follows:
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g, _ 2DsinQ, _ 2ThsinQ, _ 2k'y,
Sindy =P 55p = Ph 2P - Phrap;
. 2Tsin(0;—0,+Q,) + 2 T;sinQ2
sing, = 228000 leﬂf%) 2= (21)
_ Zk'yzcos(ez 1)+2k yl
- P/ 2P

From eq. (21), any change in the external weight can in-
duce a new dynamic stability in the jointed pendulums by
adjusting the angles (6,, 6,) synchronously. That is, the ar-
tificial muscles can adjust the intrinsic tensions to generate
appropriate torques that counteract changes in the external
weight.

In the control circuit illustrated in Figure 5, two phototubes
function like eyes, converting external illumination into
photoelectric currents. These currents then control the EMs
to maintain appropriate tensions and torques in the jointed
pendulums. Capacitive components, such as capacitors and
charge-controlled memristors, are effective at storing electric
field energy under external electrical stimuli.

3 Numerical results and discussion

Using the fourth-order Runge—Kutta algorithm on eq. (15),
the time series for membrane potentials, mapped from the
output voltages of the coupled neural circuits, are obtained
with a time step of 0.01. The transient period is set to 500
time units, and the initial values for the variables are selected
as (0.2, 0.1, 0.2, 0.1). In Figure 6, the sampled membrane
potentials for the first equation in eq. (15) are obtained for
bifurcation analysis by varying the intensity of the photo-
current applied to the neuron, with both neurons receiving
the same photocurrent.

As depicted in Figure 6, the coupled neurons exhibit dis-
tinct mode transitions in electrical activity as the intensity of
the photocurrents increases. In this way, different firing
modes can be induced to control the artificial muscles and
arm movement. Additionally, the evolution of the variables

Figure 6 (Color online) Bifurcation diagram of membrane potential
plotted by tracking the peak values of the variable x;. Parameters are set as
0=02,a=05b=03,c=07, w; = w, =1.3.
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and energy function for the coupled neurons is illustrated in
Figures 7-9, with varying photocurrent intensities.

From Figures 7-9, the average energy <H> decreases from
2.04842 to 1.33887, followed by a slight increase as the
intensity of the photocurrent increases. This change has a
distinct impact on the excitability and firing patterns of the
coupled neurons. The two neurons rarely maintain syn-
chronization under bidirectional coupling during changes in
the membrane potentials. It is interesting to examine the
changes in the rotation angles of the arm under stable con-
ditions when the neural signals are endowed with different
intensities, as illustrated in Figure 10.

The two parts of the arm control their movements through
the regulation of electrical signals, which activate the arti-
ficial muscles and ensure the arm maintains stability under
external load bearing, as shown in eq. (21). The coupled
neurons and neural circuits direct different currents along
two distinct channels, while the movements of the upper arm
and forearm are regulated synchronously due to the coupling
between the two neural circuits. As a result, the arm can
exhibit different gaits in response to neural stimuli, even
when different load bearings are applied. That is, the
movement or rotation of the upper arm and forearm is in-
fluenced during neural driving, allowing for the stabilization
of appropriate gaits.

As shown in eq. (14), the capacitance C of a capacitor
plays a crucial role in setting reference values for the time
unit and energy unit, with ¢ = #/RC, during the scale trans-
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Figure 7 (Color online) Changes in membrane potential (x|, x,), channel
current (y;, ¥»), and energy value over time. Parameters set as 0= 0.2, a =
05,b=03,c=0.7, o =0, =13,4=0.3.
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formation of the physical variables. Additionally, inductive
coils can be incorporated into the branch circuit in Figure 5,
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Figure 8 (Color online) Changes in membrane potential (x, x,), channel
current (y, 1), and energy value over time. Parameters set as 0 = 0.2, a =
05,6=03,¢c=07, v, =w,=13,4=0.7.
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Figure 9 (Color online) Changes in membrane potential (x;, x;), channel

current (y, ), and energy value over time. Parameters set as 0 = 0.2, a =
05,b=03,c=07, 0, =w,=13,4=1.6.
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Figure 10 (Color online) Evolution of rotation angles and angle error over time. Parameters set as 0 = 0.2, a=0.5,6=0.3,¢=0.7, 0, =
0.4. For (al, a2, a3), 4 = 0.3; (b1, b2, b3), 4 = 0.7; (cl, c2, c3), 4 = 1.6.
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enabling the energy exchange between the magnetic field
and the electric field, which in turn activates complex dy-
namics and firing patterns similar to those observed in bio-
physical neurons. The coupled neural circuits in Figure 5
serve as signal sources, stimulating the artificial muscles,
which are mimicked by a combination of EMs and flexible
ropes, to effectively control body and arm gaits. However,
equivalent neural circuits can be constructed by replacing the
capacitance C with a combination of resistance R and in-
ductance L when a capacitor is unavailable. The dimensional
transformation is described by

1 =[5 =|&7] | 7}
ze1 = (71| = [Fjum1 =[] i1 =173
22
-8
t R _t ,_q R2
TTTIT TR T T, T VLY

The symbol [*] represents dimensional operation, where ¢,
q, v, I, and ¢ are physical variables. Without the use of
capacitor components, effective nonlinear circuits can still be
constructed to obtain equivalent neuron oscillators for fur-
ther dynamic analysis. In summary, a simple artificial muscle
approach is proposed by controlling the length and tension of
flexible ropes wound around the EM. The stability of the
jointed pendulums closely resembles the selection of arm
gaits controlled by arm muscles. The tensions in the artificial
muscles generate anticlockwise torques to counteract the
clockwise torques caused by the weights in the coupled
pendulums and the external weight. Electrical signals from
the coupled neural circuits control the torques generated by
the EMs, allowing the arm gaits and jointed pendulums to
maintain stability synchronously.

Finally, it is interesting to discuss the implementation of
adaptive dynamical stability in Figures 3 and 4 by regulating

100 2002_300 400 500
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the torques of the EM and the intrinsic tension along the
flexible rope adaptively. The rotational torque generated by
the EM depends on the channel current across its load cir-
cuits (Lyt1, Lvt2). According to eq. (15), the dimensionless
parameters (a, b, ) can be adjusted to detect the increase or
decrease of the dimensionless current (yy, y,). A larger value
for parameter b can stabilize the second variable in eq. (15).
When the external heavy load P is decreased, and a smaller
rotational torque can maintain balance with the torques re-
lative to the gravitational forces of the jointed pendulums and
the heavy load. Alternatively, increasing the heavy load P
requires stronger tensions and higher torques to balance the
gravitational torques. The rotational torques are proportional
to the channel current across the load circuit of the EM and
are also dependent on the shunted currents along other
channels and electronic components. The rotation angles (6,
6,) are detectable and observable, and some parameters
mapped from the physical parameters in the driving neural
circuits can be regulated to control the current in the load
circuit, tension, and rotational torque of the EM synchro-
nously and adaptively. Following the adaptive growth cri-
terion of parameters under energy flow, a Heaviside function
composed of detectable kernel variables can be proposed
[51—53]. For example, the parameter b can be regulated to
control the rotation angle 8, as follows:

B b 900, 0. 9X) = 1.X>0,

$(X)=0,X<0.

(23)

The gain o can be selected to have either positive or ne-
gative values, and the parameter b is then increased or de-
creased to adjust the channel current across the load circuit.
The threshold 6, in the Heaviside function in eq. (23) con-
trols the initiation time for the growth of parameter 5. As a
result, the torque from the EM and the tension in the artificial
muscle are regulated. From an energy perspective, a lower
proportion of capacitive energy (energy stored in the capa-
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citors in Figure 5) will support a higher proportion of in-
ductive energy, allowing the load circuits to maintain higher
energy and channel current. This, in turn, enables the EMs to
generate stronger rotational torques. Consequently, higher
torques lead to increased rotation angles (6, 6,). Therefore,
energy proportion can serve as the kernel variable in the
Heaviside function in eq. (23), and an intrinsic parameter can
be adaptively controlled to stabilize the arm gait and rota-
tional angles.

Disabled muscles impede the body’s ability to respond
quickly and efficiently to neural electrical signals, thus re-
stricting body gaits. Neurological diseases [54—57], such as
Parkinson’s and Alzheimer’s, can negatively impact the
stability of body gaits. In addition to potential neurogenic
repair, the implementation of electromechanical systems
under adaptive control may offer auxiliary support for safe
body gaits and movement. Therefore, the proposed scheme,
where muscle tension is controlled through the interaction of
EMs with flexible ropes, can enable the regulation of skeletal
movements to achieve suitable gaits. Building on the con-
cepts discussed in this work, inverted and jointed pendulums
can be further explored to investigate complex arm and leg
gaits achieved through the activation of torques and tensions
from artificial muscles or via gears.

4 Conclusion

In this work, the stability and movements of the arms are
explored using a pair of jointed pendulums driven by artifi-
cial muscles, which are simulated by controlling the re-
laxation and contraction of flexible ropes via an electronic
motor. The tensions in the artificial muscles can generate
anticlockwise torques to counteract the clockwise torques
produced by external weights. The rotation of EMs is con-
trolled by the current from a couple of coupled neural circuit
driven by photocurrents. In turn, the appropriate tensions and
torques are adjusted to maintain stability in the electro-
mechanical arm through torque balance. This scheme is
useful for designing artificial arms and offers insights for
repairing arms disabled due to muscle damage. The numer-
ical solutions for these nonlinear equations can be obtained
using the fourth-order Runge—Kutta algorithm, and the sta-
bility of the artificial arm under torque balance can be ver-
ified numerically, following the theoretical analysis outlined
above. The electromechanical arm device provides valuable
support for individuals with disabled arms.
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Appendix

The relationship between torque and the force arm in the jointed
pendulums is shown in Figures Al, A2, and A3.

According to Figure A1, the relationship between the torque and
force arm at the joint points (O, 4,) can be described by

O Joint : Tl ;sinQ,+ T,sinQ,[/, + [,cos(0,— 6)]
= Plsind,+ Pyl sind, + Zsind), (al)
Ay Joint : T)l,sinQ, = PZ%sinHZ.
Similarly, the case for 8, > 6, is illustrated in Figure A2 as

follows:
The correlation between torque and force arm is described by

Figure A1 Stability in the jointed pendulums under torque balance for
(9] > 92.
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Figure A2 Stability in the jointed pendulums under torque balance when

0, < 0,.

OJoint : Tl ;sinQ,+ TsinQ,[/, — [ ,cos(m — 0, + 0))]

i

= PljsinHIJer

l—zzsinHer llsinﬁl],

Ay Joint : Tl,sinQ,= le—zzsinﬁz.

Eq. (al) has the same form as eq. (a2). To better illustrate the
force arm length, an arbitrary arm gait is illustrated in Figure A2.
The torque balance for the jointed points is expressed as
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Figure A3 Stable jointed pendulums driven by EMs.

O Joint : Tl ;sinQ,+ T,[l,sinQ2, + [ ,cos(0,+ 2, 6,)]

I

L b
2

= P>sind,+ P, 5 sind, + /;sind,

’ (a3)

Ay Joint : T)l,sinQ,= PZ%ZSint%.

It is consistent with the stability constraint criterion in eqs. (al)
and (a2).



