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Design and hardware implementation of bio-inspired neural 
synchronization anti-interference circuits

Chaojun CHEN, Shutong CHEN, Yun MA, Junxi ZHU, Chenxi ZHAO, Quanlin GUO, Dezhi GOU*

School of Electronic Information Engineering, China West Normal University, Nanchong 637009, China

Abstract: Conventional circuit systems typically exhibit limited capability in suppressing disturbances with strong temporal structures. This 
study proposes a bio-inspired anti-interference framework based on neural synchronization mechanisms. Hodgkin–Huxley (HH) and Izhikevich 
(IZH) networks with different topologies are compared in terms of synchronization stability, energy deviation, and hardware feasibility under 
external interference. The proposed framework integrates the neuron models and topological structures of neural networks to establish a unified 
evaluation system for bio-inspired anti-interference circuits. The simulation results demonstrate that the HH network exhibits stronger robustness 
under strong coupling, maintaining a synchronization index near 1.0 and a lower relative energy deviation than the IZH network. The small-
world topology achieves the best disturbance tolerance, whereas the chain topology exhibits the weakest robustness for both models. In addition, 
hardware implementation demonstrates that the IZH network significantly reduces lookup table consumption, and both the HH and IZH circuits 
maintain rhythmic firing and waveform integrity under 20 mV square-wave interference. These results indicate that neural synchronization 
mechanisms provide an effective and practically implementable mechanism for adaptive anti-interference circuit design.
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1 Introduction 

Bio-inspired electromagnetic protection has attracted increasing 
attention as an effective route for enhancing the robustness of electronic 
systems in complex interference environments (Liu SH et al., 2022). 
Unlike conventional protection methods that primarily rely on passive 
shielding, filtering, or fixed suppression strategies, biological systems 
maintain stable information processing under external perturbations 
via adaptive regulation, nonlinear feedback, and collective synchro‐
nization (Takahashi et al., 2022; Liu DH et al., 2023; Wu et al., 2023; 
Yuan et al., 2023). These mechanisms inspire circuit systems exposed 
to temporally structured disturbances, such as periodic pulse interfer‐
ence, recurrent switching noise, and rhythmically injected electro‐
magnetic perturbations. These disturbances may repeatedly interact 
with the intrinsic operating rhythm of circuits, causing cumulative 
waveform distortion and degradation of dynamic stability. Therefore, 
exploring neural dynamics-based bio-inspired mechanisms is impor‐
tant for developing adaptive anti-interference circuits with enhanced 
stability and recovery capability.

Recent studies on neural circuits and synchronization have dem‐

onstrated that neuronal dynamics, energy regulation, synaptic coupling, 

and network topology are closely related to stability and robustness 

of neural systems. Ma (2023) reviewed biophysical neuron models, 

energy mechanisms, and synapse controllability, and emphasized 

that energy exchange and synaptic regulation are important for un‐

derstanding the controllable behavior of neural systems. Zhang et al. 

(2026) investigated a heterogeneous cyclic Hopfield neural network 

without self-connections, and demonstrated that heterogeneous struc‐

tures and cyclic connections enrich network dynamics and affect col‐

lective stability. Wang XQ et al. (2023) analyzed the effects of po‐

tassium channel blockage on inverse stochastic resonance in Hodgkin–

Huxley (HH) neural systems, and indicated that ion channel dynamics 

significantly influence neuronal responses under external perturbations. 

Bossy et al. (2019) investigated the synchronization of stochastic mean-

field networks of HH neurons with noisy channels, and proved that 

strong electrical interactions promote exponential synchronization 

under channel noise. Khoshkhou and Montakhab (2020) revealed that 

topology and synaptic interactions play an important role in synchro‐

nization transitions of spiking HH neural networks. These studies indi‐

cate that neural synchronization, energy-state evolution, synaptic cou‐

pling, and network topology are key factors influencing disturbance-

tolerant neural behavior. However, their combined influence on bio-

inspired anti-interference circuit design, especially under temporally 

structured disturbances, has not been systematically investigated.

Despite these advances, several key issues remain to be ad‐

dressed. First, most existing studies focus on a single neuronal model, 
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making it difficult to determine whether anti-interference robustness 

primarily originates from detailed biophysical dynamics or simpli‐

fied spiking mechanisms (Peng et al., 2024; Zhao et al., 2024; Lin 

et al., 2025). Second, the coupled effects of synchronization recov‐

ery, network topology, and energy-state variations under structured 

disturbances remain unclear (Guo et al., 2023; Wang B et al., 2025). 

Third, although field-programmable gate array (FPGA) and system-on-

chip platforms provide feasible routes for real-time neural circuit im‐

plementation, the relationship between anti-interference performance, 

model complexity, and hardware resource consumption has not been 

systematically studied (Yu et al., 2023; Beaubois et al., 2024; Heidarpur 

et al., 2024).

To address these issues, this study proposes a bio-inspired anti-

interference framework based on neural synchronization dynamics. 

The HH and Izhikevich (IZH) models are selected as two repre‐

sentative neuronal models with different levels of dynamical com‐

plexity. The HH model retains conductance-based biophysical feed‐

back and multi-timescale ion channel dynamics, whereas the IZH 

model provides simplified spiking dynamics with lower computa‐

tional complexity. Under the same stimulus, interference, coupling, 

and topology conditions, the two models are compared in terms of 

waveform preservation, rhythmic stability, synchronization recovery, 

energy-state variation, anti-interference reliability, and hardware fea‐

sibility. In addition, chain, ring, and small-world network topologies 

are constructed to investigate the influence of connectivity patterns 

on disturbance propagation and synchronization stability. An energy 

evaluation method is introduced to quantify variations in network 

energy states under interference. Furthermore, a time-division mul‐

tiplexing (TDM) hardware implementation scheme is developed on 

an FPGA platform, and the hardware results are compared with sim‐

ulation results to verify the accuracy and feasibility of the proposed 

framework.

The remainder of this paper is organized as follows: First, the 

theoretical basis of the proposed bio-inspired anti-interference frame‐

work is established, including the HH and IZH neuron models, the 

synaptic coupling mechanism, the energy indicators, and the net‐

work topology construction. Next, simulation studies are conducted 

to compare action potential characteristics, synchronization stability, 

energy characteristics, and anti-interference performance under dif‐

ferent coupling strengths and topological structures. Subsequently, 

an FPGA-oriented implementation based on the TDM strategy is 

presented for hardware verification. Finally, the relationships among 

neuronal dynamics, network topology, energy-state preservation, anti-

interference robustness, and hardware cost are discussed to provide 

guidance for the design of bio-inspired anti-interference circuits.

2 Theoretical basis and model construction of 

the bio-inspired anti-interference framework 

2.1 Single-neuron anti-interference mechanism and 
equivalent model

2.1.1　Nonlinear robustness mechanism of the HH model

The HH model precisely describes the generation of action po‐

tentials through the dynamics of voltage-gated ion channels, and is 

a typical microscopic model for investigating the anti-interference 
characteristics of biological neurons (Hodgkin and Huxley, 1952). 
Mathematically, the HH model can be represented as follows:

C
dVi

dt
= GNam3

i hi(ENa −  Vi) +GKn4
i (EK −Vi) +GL(EL −Vi) 

+Isyn ( i, j ) +Iext,i ,
      (1)

dm
dt

 =αm (1 −m ) −βmm, (2)

dh
dt

 =αh (1 −h ) −βhh, (3)

dn
dt

 =αn (1 −n ) −βnn, (4)

where Vi represents the membrane potential of neuron i, C repre‐
sents the capacitance of the cell membrane, and Isyn(i, j) denotes the 
synaptic transmission current received by neuron i from neuron j. 
Iext,i denotes the external input current applied to neuron i. In the ab‐
sence of external stimulation, Iext,i is 0. GNa, GK, and GL denote the 
maximum conductances of sodium, potassium, and leak channels, 
respectively. ENa, EK, and EL denote the reversal potentials of sodi‐
um channels, potassium channels, and leak current respectively, which 
are caused by the concentration gradient of ions inside and outside 
the membrane. mi represents the activation of the sodium channels 
of neuron i, hi represents the inactivation of the sodium channels, 
and ni represents the activation of the potassium channels. m and h 
represent the gating parameters of sodium ion channels, and n rep‐
resents the gating parameter of potassium ion channels. The voltage-
dependent rate functions αm, βm, αh, βh, αn, and βn determine the open‐
ing and closing dynamics of the corresponding ion-channel gates. 
Based on the coupling relationship between ion channels and their 
gating variables, the HH model can accurately describe the dynamic 
processes of membrane depolarization and repolarization.

Within this dynamical structure, the interaction between Na+ 
and K⁺ channels forms a self-limiting feedback loop that suppress‐
es external transient disturbances (Schuman et al., 2022). Its thresh‐
old mechanism and refractory period prevent erroneous triggering 
and repetitive firing, endowing the model with inherent resistance 
to periodic or random interference. In addition, the nonlinear feed‐
back acts as an adaptive damping mechanism that attracts and stabi‐
lizes perturbed trajectories in the phase plane. Therefore, the HH 
model reveals the anti-interference mechanism of neurons from a 
biophysical perspective, and provides a theoretical foundation for 
the engineering design of anti-interference neural networks. Fig. 1 
shows the action potential waveform of the HH model.

Fig. 1  Action potential of the HH model. IL, IK, and INa denote the leakage, 
potassium, and sodium ionic currents, respectively. EL, EK, and ENa 
represent the corresponding reversal potentials, while Im denotes the total 
ionic membrane current, given by Im=IL+IK+INa
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This study adopts typical parameter values of the HH model, 
and the values of each parameter are shown in Table 1.

2.1.2　Computational efficiency and dynamic adaptability of the 
IZH model

The neural dynamics model proposed by Izhikevich (2003) can 
precisely reproduce the rich and diverse discharge behaviors of bio‐
logical neurons, and is suitable for neural network simulation. Math‐
ematically, the IZH model can be expressed as follows:

dV
dt

 =0.04V 2 +5V +140 −U +I, (5)

dU
dt

 =a (bV −U ), (6)

with the auxiliary after spike resetting

if V⩾Vpeak, then V ← c, U ← U +d, (7)

where V represents the membrane potential of the neuron, U represents 
the membrane recovery variable characterizing the slow recovery ef‐
fect associated with ionic activation and inactivation during the firing 
process, and I represents the scaled input to the neuron including exter‐
nal injected and synaptic inputs. The parameter a determines the time 
scale of the recovery variable U, and b describes the sensitivity of U 
to the membrane potential V. The parameter c represents the reset 
value of the membrane potential after spike firing, d represents the 
increment in the recovery variable after reset, and Vpeak denotes the 
spike-peak threshold. In accordance with the conventional scaled 
formulation of the IZH model, V, U, I, Vpeak, and the parameters a, 
b, c, and d are treated as dimensionless quantities. In the regular 
spiking mode adopted in this study, the parameter values are set as 
follows: a=0.02, b=0.2, c=−65, d=8, and Vpeak=30.

As shown in Fig. 2, the negative feedback regulation of the re‐
covery variable U effectively counteracts cumulative disturbances, 
ensuring that the system maintains stable oscillations even in the 
presence of interference. Its nonlinear reset mechanism suppresses 
numerical divergence and abnormal activation via periodic bound‐
ing, thereby achieving a balance between computational efficiency 
and dynamic robustness.

Therefore, the IZH model can not only implement the primary 
dynamic characteristics of neural discharge with low hardware re‐
source requirements, but also exhibit anti-interference steady-state 
properties similar to those of the HH model. This provides an ideal 
engineering foundation for the anti-interference design of neural 
networks on platforms such as FPGA.

2.2 Analysis of the anti-interference mechanism of neural 
network layers

2.2.1　Role of synapses in anti-interference

At the neural network level, the interaction between neurons is the 

key structural component for achieving anti-interference performance.

In biological systems, neurons primarily achieve signal trans‐

mission and modulation through synaptic transmission. The Leonid 

chemical synapse model can precisely describe the electrochemical 

coupling process between neurons, and accurately reproduce the prop‐

agation characteristics of action potentials in a highly realistic man‐

ner (Savtchenko, 2007).

In this study, the anti-interference mechanism of the network layer 

is accurately constructed based on the above synaptic coupling model.

We consider two neurons i and j that are coupled by the chem‐

ical synapses of Leonid. The coupling term is defined as follows:

Isyn ( i, j ) = Isyn (Leonid ) , (8)

Isyn (Leonid ) = −Cm Sj

∂( )Vi −Vj

∂t
 +Gs( )Vp −Es +Vi −Vj . (9)

The Leonid model has achieved highly accurate transmission 

of neuronal action potentials. Here, Isyn(Leonid) denotes the postsynap‐

tic current; Gs denotes the postsynaptic conductance and the cou‐

pling strength between the neuron and synapse; Vp denotes the post‐

synaptic holding potential; Es denotes the postsynaptic reversible 

potential; Vi and Vj denote the membrane potentials of the presynap‐

tic neuron i and postsynaptic neuron j at the synapse, respectively; 

−CmSj describes the capacitive current of the presynaptic neuron j, 

and the product of Gs and Vp − Es + Vi − Vj describes the ionic cur‐

rent flowing through the receptor-gated channels of the postsynap‐

tic receptor. The values of each parameter are shown in Table 2.

The primary function of chemical synapses is not only signal 

transmission but also the reconfiguration of the disturbance propa‐

gation path in the network. When neuron j is subjected to external 

interference, the fluctuation of its membrane potential Vj acts on 

neuron i through synaptic current Isyn. Unlike linear coupling, the 

Table 1  Typical parameters of the HH neural network model

Variable

C

GNa

GK

GL

ENa

EK

EL

Typical value

1

120

360

0.3

50

−77

−54.5

Unit

μF/cm2

mS/cm2

mS/cm2

mS/cm2

mV

mV

mV Fig. 2  Action potential of the IZH model. I denotes the external input 
current injected into the neuron circuit. R0 denotes the nonlinear voltage-
controlled resistance, and C0 denotes the equivalent capacitance in the 
membrane-potential branch, which together reproduce the fast nonlinear 
dynamics of the membrane potential V. R and L denote the resistance and 
inductance in the recovery-variable branch, respectively, and determine 
the damping and dynamic response of the recovery variable U
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nonlinear response function Sj of chemical synapses performs thresh‐
old selection and dynamic shaping on input signals. This action rap‐
idly attenuates minor disturbances while effectively transmitting sig‐
nificant signals. This mechanism averages or eliminates disturbances 
during transmission, thereby forming a dynamic filtering effect and 
achieving adaptive allocation and steady-state regulation of distur‐
bance energy.

2.2.2　Impact of topological characteristics on interference resistance

When multiple neurons are coupled through chemical synapses, 
the system achieves a nearly synchronous state under an appropri‐
ate coupling strength. In this state, although the membrane poten‐
tials of each neuron slightly differ, the discharge rhythms remain 
phase-locked. This quasi-synchronous behavior provides the sys‐
tem with a self-stabilizing working mode (Zhou et al., 2023). The 
interference is distributed and dissipated via synaptic interactions, 
forming the overall steady-state response of the network. This pro‐
cess manifests as a collective stabilization effect at the dynamical 
level. Specifically, multinode feedback loops suppress local distur‐
bance amplification and maintain global potential stability, thereby 
forming the core dynamical basis for the anti-interference charac‐
teristics of the neural network layer.

Using the HH and IZH models as basic neuron units and synaptic 
transmission mechanisms as the network foundation, two types of neu‐
ral networks have been designed. Both networks (HH and IZH) consist 
of 11 neurons and are configured into 10 topological structures by com‐
bining different connection methods. Among them, eight topologies 
refer to the construction rules of the Newman–Watts small-world net‐
work model and thus form irregular topological structures similar to the 
small-world network. Specifically, with neuron 1 (N1) as the center 
while maintaining the ordinal connections from N1 to N2 up to N11, 
N1 sequentially forms unidirectional couplings with all other non-
connected neurons through Leonid chemical synapses. By gradually 
increasing the long-range connection edges, 10 different ring-like ir‐
regular topological structures (chain, ring, topologies 1–8) are ob‐
tained. These networks maintain the local clustering property while 
shortening the average path length, thereby forming a feature simi‐
lar to that of a “small world” (Soltani et al., 2024). Fig. S1 in the sup‐
plementary materials shows the 10 types of neural network topolog‐
ical structures.

In these networks, coupling between the Nth and (N+1)th neu‐
rons is achieved through Leonid chemical synapses (Fig. 3). The mem‐
brane potential Vi of the presynaptic neuron is transmitted to the post‐
synaptic neuron through the synaptic channel, generating a mem‐
brane potential response, Vj. The synaptic feedback pathway returns 
part of the electrical signal to the presynaptic neuron, forming a 
closed potential feedback loop. Notably, the direction of this synaptic 

connection is not completely symmetrical. The information pri‐

marily spreads from N1 to other neurons through the newly added 

unidirectional connections. However, the synaptic feedback current 

returns some signals to the upstream nodes, forming a local bidirec‐

tional but overall asymmetric information flow. This structural fea‐

ture comprises long-range unidirectional connections and local feed‐

back loops, which not only accelerate global phase synchronization 

but also enhance the dissipative capacity of local disturbances.

In addition, the nonlinear response function Sj of the Leonid 

chemical synapse exhibits a selective coupling characteristic: It rap‐

idly suppresses small disturbances and effectively transmits signifi‐

cant signals, thereby forming a dynamic filtering effect in the net‐

work. This selective conduction and the structural characteristics of 

the small-world topology synergize to enable the network to achieve 

a balance between synchronicity and robustness.

2.3 Principles of neural dynamics generation on FPGA 
platforms

2.3.1　Discretization of the model equation and the mechanism for 

synchronous time update

Implementing continuous neural differential equations on an 

FPGA requires converting them into a discrete-time form. Typically, 

numerical methods such as forward Euler or RK4 are adopted. Con‐

sidering the real-time performance and resource constraints of FPGAs, 

this study implements the approximate integration update within the 

time step using the following improved Euler method:

Vk +1 =  Vk +Δt ⋅ f (Vk, mk, hk, nk, Ik ), (10)

where Vk and Vk+1 denote the membrane potentials at the kth and (k+1)th 

time steps, respectively, k is the index of the discrete time step, Δt 

is the fixed simulation time step, mk and hk represent the activation 

and inactivation gating variables of the sodium channels, respec‐

tively, nk represents the activation gating variable of the potassium 

channels, Ik denotes the total input current, and f (⋅) represents the 

membrane‒potential derivative determined by the neuron model 

equations.

This method has a simple structure and controllable calcula‐

tion delay; it is convenient for pipelining deployment. Through syn‐

chronous updates with a fixed step size, all neurons complete the 

state update at the same clock edge, thereby maintaining global time 

consistency at the physical level and providing a hardware founda‐

tion for network synchronous discharges.

Table 2  Parameters of the Leonid model

Variable

Cm

Sj

Gs

Vp

Es

Typical value

1

0.001×2π

1−10

−65

−70

Unit

μF/cm2

cm2

mS/cm2

mV

mV

Fig. 3  Structure of the Leonid chemical synapses
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2.3.2　Indicators for evaluating anti-interference performance

1. Synchronization index
In this study, the synchronization index is used as a key metric 

for data acquisition and processing to quantify the anti-interference 
strength of the network topology (Kazemi and Jamali, 2022). In the 
simulations, the number of neurons is denoted as N, and the simula‐
tion time T is divided into several small time windows τ. Within each 
time window, the firing sequences of any two neurons i and j are 
represented by Vi (l) and Vj (l) respectively, where the values of Vi (l) 
and Vj (l) are either 0 or 1. Here, l represents the number of specific 
time windows. The algorithm is as follows:

cij ( t ) =
∑l =  1

m Vi ( l )Vj ( l )

∑l =  1

m V 2
i  ( l )V 2

j  ( l )
, (11)

C =
2

N ( N −  1)∑i =  1

N ∑j =  1, j ≠  i

N cij ( τ ). (12)

For Vi (l) and Vj (l), a value of 1 indicates that the neuron has 
generated an action potential discharge, whereas a value of 0 indi‐
cates no discharge. By calculating the discharge sequences of two neu‐
rons within each time window, the synchronization index between 
them can be obtained. The simulation time T is divided into m equal 
segments to accurately capture the dynamic behavior of the neural 
network. The resulting index values are usually limited within the 
range of 0–1, where a value closer to 1 indicates a higher degree of 
synchronization.

2. Reliability index
The concept of reliability evaluation is based on the approaches 

proposed by Mainen and Sejnowski (1995). They analyzed the con‐
sistency of neuronal firing patterns under various input conditions.

To quantitatively assess network stability under interference, a 
reliability index R is introduced based on the comparison between 
membrane potential sequences under normal and disturbed condi‐
tions. The reliability index is defined as follows:

R =  1 −  
 Vd ( t ) −  Vc ( t )

2

 Vc ( t )
2

, (13)

where  Vd ( t ) − Vc ( t )
2
 denotes the 2-norm (Euclidean norm) of the 

difference between the disturbed membrane potential Vd(t) and the 
undisturbed membrane potential Vc(t). This norm represents the over‐
all difference or “error energy” between the two signals.  Vc ( t )

2
 

denotes the 2-norm of the membrane potential sequence Vc(t) under un‐
disturbed conditions. An R value closer to 1 indicates stronger network 
stability. This study calculates the reliability index of N11 neuron.

3. Energy indicators
To quantitatively describe the dynamic-state evolution of the 

neural circuit under structured interference, an energy-like function 
is first defined based on the membrane potential dynamics. For neu‐
ron i, the instantaneous energy function is expressed as follows:

Ei ( k ) = V 2
i ( k ), (14)

where Vi(k) denotes the membrane potential of neuron i at the kth 
sampling point.

The total activity energy of the network is then calculated as 
the time-averaged mean energy over all neurons and sampling points 
as follows:

EN =
1
M∑k = 1

M Ei ( k ), (15)

where N represents the number of neurons and M represents the total 
number of sampled points. This metric reflects the overall excitation 
level and dynamic activity intensity of the neural circuit during evolution.

To evaluate the impact of external interference, the relative en‐
ergy deviation is also defined as follows:

ΔEN =
|| EN,d −EN,c

EN,c

 , (16)

where EN,d and EN,c denote the activity energy under disturbed and 
clean conditions, respectively. A smaller ΔE value indicates that the 
neural circuit better preserves its original dynamic state under struc‐
tured disturbance, whereas a larger value implies greater vulnerability 
to interference.

In this study, the energy indicators, synchronization index, and 
reliability index are used to evaluate the anti-interference performance 
of different neural models and topological structures. This definition 
is widely adopted in spiking neural network analysis to characterize 
the global excitation state of systems.

3 Simulation results and discussion 

To investigate the anti-interference function of the neural net‐
work, normal stimulation (a sinusoidal wave signal with an ampli‐
tude of 10 mV and a frequency of 0.1 rad/s) is applied to the N1 
neuron, superimposed with an interference signal (with an amplitude 
of 20 mV, a period of 0.001 s, and a pulse width of 5% of a square-
wave signal). The anti-interference function is evaluated using the 
synchronization and reliability indexes of the electrical potentials of 
each neuron in the network. This study performs analysis and com‐
parison by varying the network structure and coupling strength Gs 
between neurons and synapses.

To determine whether the neural circuit exhibits effective dis‐
charge behavior under normal stimulation and interference, three 
complementary criteria are adopted in this study. The first criterion 
is waveform integrity, which evaluates whether the action potential 
preserves its basic depolarization, peak, and repolarization morphol‐
ogy after disturbance. The second criterion is rhythm preservation, 
which evaluates whether the firing sequence maintains stable inter‐
spike intervals and whether the dominant discharge rhythm remains 
continuous rather than being replaced by burst clustering or irregular 
compression. The third criterion is the network-level coordinated sta‐
bility, which is evaluated using the synchronization and reliability 
indexes to determine whether the discharge pattern remains tempo‐
rally consistent and resistant to disturbance propagation.

Based on these criteria, an effective discharge state is defined 
as a state in which the neuron or neural network preserves recogniz‐
able spike morphology, sustained rhythmic output, and stable inter-
neuronal temporal coordination after interference injection. In con‐
trast, if disturbance causes waveform distortion, abnormal spike 
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accumulation, severe rhythm compression, or unstable temporal align‐

ment, the discharge effect is regarded as degraded.

3.1 Simulation model and action potential characteristics

The HH and IZH neural network models are established sep‐

arately in the MATLAB/Simulink environment (Figs. S2 and S3). 

Both models are simulated under identical excitation conditions, 

identical disturbance parameters, and the same topology construc‐

tion rules to ensure consistency in cross-model comparison. Figs. 4 

and 5 show the action potential responses of the HH and IZH net‐

works under different topologies, coupling strengths, and interfer‐

ence conditions, respectively.

Fig. 4  HH model simulation results of the action potential diagram: (a) no signal interference when Gs=1 mS/cm2; (b) under signal interference when 
Gs=1 mS/cm2; (c) no signal interference when Gs=5 mS/cm2; (d) under signal interference when Gs=5 mS/cm2

Fig. 5  IZH model simulation results of the action potential diagram: (a) no signal interference when Gs=1 mS/cm2; (b) under signal interference when 
Gs=1 mS/cm2; (c) no signal interference when Gs=5 mS/cm2; (d) under signal interference when Gs=5 mS/cm2
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As shown in Fig. 4, the results of the HH network demonstrate that 
under weak coupling conditions (Gs=1 mS/cm2), the principal spike 
positions and the overall firing rhythm remain largely unchanged be‐
fore and after disturbance across different topologies. Although slight 
peak shifts and local timing perturbations are observed in some 
structures, the depolarization rising phase, spike peak formation, and 
repolarization process remain highly consistent. This indicates that the 
HH model possesses strong trajectory retention capability under 
external pulse disturbances. When the coupling strength increases to 
5 mS/cm2, the firing frequency of the HH network significantly in‐
creases, whereas the primary waveform morphology remains pre‐
served. In particular, under small-world topologies, spike distributions 
become more uniform and variations in interspike intervals remain 
limited, demonstrating stronger rhythmic stability. These observations 
indicate that although the HH model is driven into a higher excita‐
tion state under strong coupling, the system still evolves around a 
stable limit cycle rather than entering a disordered regime.

In contrast, the IZH network exhibits significantly higher sen‐
sitivity to external input disturbances. Under weak coupling condi‐
tions, the IZH model maintains basic periodic firing before and after 
interference, as shown in Fig. 5. However, several topologies exhibit 
clear spike densification, characterized by increased spike counts 
and shortened interspike intervals, indicating a more direct response 
to disturbance injection. As the coupling strength increases, this phe‐
nomenon becomes more pronounced. Multiple topologies exhibit 
spike clustering, compressed firing rhythms, and localized burst accu‐
mulation at high frequencies. Although continuous firing is pre‐
served, the action potential sequence transitions from regular peri‐
odic discharge to a firing pattern dominated by disturbance input. 
This suggests that under the combined effects of strong coupling and 
structured disturbance, the IZH model is more likely to enter a dy‐
namic regime characterized by high excitation and reduced stability. 
In this regime, an increased spike count implies degraded rhythmic 
consistency rather than enhanced anti-interference capability.

Overall, these results indicate that the HH network maintains 
stronger waveform consistency and rhythmic stability under both 
weak and strong coupling conditions, with disturbance effects pri‐
marily manifested as minor phase deviations rather than structural 
distortion. In contrast, the IZH network exhibits higher sensitivity 
to external disturbances, with its firing behavior increasingly domi‐
nated by injected interference. Under strong coupling conditions, it 
transitions into a high-frequency but less stable response state. There‐
fore, from the perspective of action potential characteristics, the HH 
model exhibits superior trajectory retention capability, whereas the 
IZH model is more prone to rhythm compression and irregular fir‐
ing patterns under disturbance.

3.2 Simulation results of synchronization behavior

To further quantify the collective coordinated behavior of the 
neural networks under structured disturbances, synchronization per‐
formance is analyzed from two perspectives. First, synchronization 
state action potential diagrams are used to observe spike timing 
alignment and phase locking behavior among neurons under differ‐
ent topologies. Second, the synchronization index and its variation 
rate after disturbance are used to quantitatively evaluate global syn‐
chronization stability. The former reflects the instantaneous align‐
ment of rhythmic output during synchronous evolution, whereas the 

latter characterizes variations in overall phase consistency before and 
after interference injection.

Figs. S4 and S5 present the synchronization waveforms of the 
HH and IZH models under weak and strong coupling conditions 
across different topologies, respectively. In these figures, the red and 
blue curves represent the membrane potential trajectories of two rep‐
resentative neurons in the network, and their degree of overlap di‐
rectly reflects synchronization quality.

In the HH network, under weak coupling conditions (Gs=
1 mS/cm2), most topologies exhibit high synchronization quality, as 
shown in Fig. S4. In particular, in ring and small-world structures, 
the peak positions of the two neuronal curves almost coincide, with 
only slight phase deviations at a few spikes. This indicates that even 
under relatively weak coupling, the HH model maintains stable phase 
locking through its intrinsic multi-timescale feedback regulation. 
When the coupling strength increases to 5 mS/cm2, the HH network 
exhibits markedly enhanced synchronization. In most topologies, the 
two waveforms nearly coincide, and the peak time difference ap‐
proaches zero, indicating near-ideal global synchronization.

In contrast, the IZH network exhibits significantly different 
synchronization dynamics, as shown in Fig. S5. Under weak cou‐
pling conditions, although the IZH model achieves basic synchroni‐
zation in some topologies, several structures exhibit obvious spike 
misalignment and local phase drift. This is particularly evident in 
chain and other sparsely connected topologies, where the spike tim‐
ing deviation between neurons increases. This discrepancy becomes 
more pronounced as the coupling strength increases. Although the 
firing frequency increases significantly, many topologies exhibit ex‐
cessive spike density, localized burst clustering, and layered peak 
misalignment. These results indicate that although the IZH network 
maintains high-frequency firing, stable phase consistency is lost. 
This suggests that under strong excitation, synchronization in the 
IZH model becomes vulnerable to overresponse instability rather than 
increasing linearly with stronger coupling.

The synchronization index and its variation rate confirm these 
observations, as shown in Figs. 6 and 7. Under weak coupling condi‐
tions, the IZH network achieves relatively high initial synchroniza‐
tion indices in some topologies because of its rapid threshold re‐
sponse. However, the variation rate after disturbance considerably 

Fig. 6  Various types of synchronization indices and the rate of change 
due to interference when Gs=1 mS/cm2
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fluctuates, indicating that such synchronization lacks long-term stabil‐
ity. In contrast, although the HH network establishes synchronization 
slightly more slowly in the initial stage, the decrease in the syn‐
chronization index after disturbance is smaller. In particular, topol‐
ogy 8 exhibits the minimum synchronization variation rate, demon‐
strating the strongest resistance to phase drift.

When the coupling strength increases to Gs=5 mS/cm2, the 
synchronization index of the HH network approaches unity across 
almost all topologies with a variation rate near zero, indicating that 
the network has reached a highly stable, globally phase-locked state. 
In contrast, although the IZH network maintains high-frequency firing 
under strong coupling, its synchronization indices decrease in sev‐
eral topologies, accompanied by a significantly larger variation rate. 
This implies that stronger coupling enhances excitation propagation 
but amplifies local timing mismatches, thereby reducing the overall 
phase consistency.

From the perspective of topology comparison, chain structures 
consistently exhibit the weakest synchronization performance for both 
models. Because signal transmission depends solely on sequential 
node-to-node propagation, local disturbances cannot be rapidly re‐
distributed or corrected, resulting in cumulative phase errors. Ring 
structures partially address this problem through cyclic feedback, 
thereby enhancing synchronization stability. Small-world topologies 
perform best because their long-range shortcut connections signifi‐
cantly reduce the average path length, allowing locally induced phase 
deviations to spread rapidly throughout the network and be effi‐
ciently redistributed. Consequently, they exhibit the highest peak 
overlap in synchronization waveforms and the strongest stability in 
synchronization index measurements.

Collectively, the synchronization state diagrams and synchro‐
nization index analysis demonstrate that synchronization perfor‐
mance cannot be judged solely by instantaneous waveform overlap; 
instead, it must be evaluated by the variation rate of synchronization 
indices before and after disturbance. The former reflects local tran‐
sient synchronization quality, whereas the latter reveals the global 
robustness of synchronization under interference. Based on this cri‐
terion, the HH model exhibits stronger synchronization stability 
under most topologies and coupling conditions, and the small-world 
topology consistently provides the optimal network structure for main‐
taining global synchronization performance.

3.3 Simulation results of anti-interference performance

This subsection evaluates the overall anti-interference perfor‐

mance of the neural networks based on the analysis results of action 

potential characteristics and synchronization behavior presented in 

Figs. S6–S8. The evaluation is performed from two perspectives: 

synchronization retention capability and reliability performance. A 

comprehensive comparison of synchronization indices, variation 

rates, and reliability values reveals obvious performance differences 

among different models, topologies, and coupling strengths. These 

quantitative results are highly consistent with the preceding waveform 

analysis of action-potential characteristics and synchronization be‐

havior presented.

From the perspective of model comparison, under weak cou‐

pling conditions (Gs=1 mS/cm2), the HH network significantly out‐

performs the IZH network overall. As shown in Fig. S8, the reli‐

ability values of the HH model range from 0.720 27 to 0.881 98, 

whereas those of the IZH model range only from 0.716 33 to 0.803 80. 

In particular, the HH network reaches a reliability value of 0.849 29 

in topology 8, which is among the highest under weak coupling 

conditions. In combination with the data presented in Fig. S6, the 

synchronization indices of the HH network decrease slightly after 

disturbance in most topologies, and the synchronization variation 

rates remain close to zero, with slight positive changes in some 

cases. In contrast, the synchronization variation rates of the IZH 

network decrease substantially across all topologies, ranging from 

−0.2102 to −0.6447. This indicates that although the IZH model 

maintains high firing activity, its synchronization stability is signifi‐

cantly weaker.

When the coupling strength increases to 5 mS/cm2, the perfor‐

mance gap between these two models increases. Under strong cou‐

pling conditions, the HH network maintains high reliability, with 

values ranging from 0.530 02 to 0.909 42 and the maximum value 

reaching 0.909 42, indicating that the HH model preserves stable 

output even under strong disturbance conditions. Fig. S7 shows that 

the synchronization indices of the HH model exceed 0.92 in most 

topologies and approach 1.0 in several topologies, demonstrating that 

the network remains in a highly coherent, globally synchronized 

state. In contrast, the reliability of the IZH network decreases signifi‐

cantly under strong coupling, ranging from 0.484 73 to 0.627 34. In 

several topologies, the synchronization variation rates decline to 

between −0.1056 and −0.5873, indicating that increased coupling 

intensifies rhythm instability rather than improving the network dis‐

turbance resistance.

From the perspective of network topology, small-world struc‐

tures consistently exhibit the best performance under all condi‐

tions. As shown in Figs. S6–S8, in small-world topologies such as 

topologies 5, 7, and 8, both models achieve higher synchronization 

retention and reliability than in chain and ring structures. The HH 

model performs best in topology 8, where it not only achieves the 

highest reliability value of 0.849 29 but also exhibits an almost zero 

synchronization variation rate of +0.0051, indicating that it is nearly 

unaffected by disturbance. In contrast, chain structures consistently 

show the weakest performance. For example, under weak coupling 

conditions, in chain structures, the synchronization variation rate 

of the IZH model decreases to −0.2970, which is the largest degra‐

dation among all topologies. This demonstrates that disturbances 

Fig. 7  Various types of synchronization indices and the rate of change 
due to interference when Gs=5 mS/cm2
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are more likely to accumulate and amplify in single-path propagation 
structures, thereby weakening the overall anti-interference capability.

3.4 Analysis of energy indicators

To evaluate the influence of structured disturbance on neural 
networks, the energy indicators defined in Eqs. (15) and (16) are 
calculated under different topologies and coupling strengths. The cor‐
responding activity energies under weak and strong coupling condi‐
tions are shown in Figs. S9 and S10, respectively. The relative energy 
deviation is shown in Fig. 8.

As shown in Fig. S9, the activity energy of the HH network 
changes slightly before and after disturbance under both weak and 
strong coupling conditions, indicating that its overall activity level 
remains stable. In contrast, the IZH network exhibits more signifi‐
cant variations in activity energy under weak coupling, particularly 
in several small-world topologies, whereas the activity energy re‐
mains relatively close before and after disturbance under strong 
coupling.

The relative energy deviation shown in Fig. 8 confirms these 
results. For the HH network, the relative energy deviation remains 
within 0.001 384–0.023 751 and 0.001 240–0.034 512 under Gs=1 
and 5 mS/cm2, respectively, indicating strong dynamic-state preser‐
vation under disturbance. For the IZH network, the relative energy 
deviation ranges from 0.000 467 to 0.082 360 under weak coupling 
and from 0 to 0.004 723 under strong coupling, demonstrating stron‐
ger topology dependence, particularly under weak coupling conditions.

Overall, the energy indicator results demonstrate that the HH 
model preserves its original dynamic state more effectively under 
structured disturbance, whereas the IZH model is more sensitive to 
topology changes and interference. In general, topologies with smaller 

relative energy deviation tend to maintain the dynamic state more 
effectively after disturbance, even though the specific ranking is not 
always identical to that of synchronization or reliability indicators. 
These results indicate that anti-interference performance is influ‐
enced by the interaction between intrinsic neuronal dynamics, cou‐
pling behavior, and network topology.

3.5 Discussion on anti-interference mechanism

This subsection evaluates the overall anti-interference perfor‐
mance of the neural networks based on the analysis results of ac‐
tion potential characteristics, synchronization behavior, and energy 
indicators presented through simulation results. The evaluation is 
performed from three perspectives: synchronization retention, reli‐
ability performance, and dynamic-state preservation. A comprehen‐
sive comparison of synchronization indices, reliability values, and 
energy-indicator results reveals performance differences among dif‐
ferent models, topologies, and coupling strengths.

From the perspective of model comparison, the HH network 
significantly outperforms the IZH network under both weak and 
strong coupling conditions. Under weak coupling (Gs=1 mS/cm2), 
the HH model maintains smaller synchronization variation rates 
and higher reliability than the IZH model in most topologies. The 
energy-indicator results presented in Figs. 8 and S9 demonstrate that 
the HH network exhibits a small relative energy deviation, indicat‐
ing that its dynamic state is slightly affected by structured distur‐
bance. In contrast, the IZH model exhibits greater fluctuations in 
both synchronization and energy indicators, implying a higher sen‐
sitivity of the output state to interference.

When the coupling strength increases to Gs=5 mS/cm2, the per‐
formance difference between these two models becomes more evi‐
dent. The HH network maintains high synchronization indices, strong 
reliability, and small energy deviation in most topologies, demon‐
strating its strong anti-interference capability. In contrast, although 
the IZH network maintains a comparable activity level after distur‐
bance, its synchronization degradation and reliability reduction are 
more pronounced. This indicates that for the IZH model, preserva‐
tion of activity magnitude does not always imply stable temporal 
coordination under structured disturbance.

From the perspective of topology, chain structures generally 
exhibit weaker anti-interference performance because disturbances 
are more likely to accumulate along the sequential transmission path. 
Ring and small-world topologies perform better overall because they 
enable a more effective redistribution of disturbance effects and im‐
prove synchronization recovery. In particular, several small-world to‐
pologies exhibit small synchronization degradation, high reliability, 
and limited energy deviation with the HH model, indicating that these 
structures are more favorable for maintaining stable dynamic be‐
havior under interference.

Overall, the anti-interference performance indicators demon‐
strate that the HH network achieves stronger waveform preservation, 
synchronization stability, reliability, and dynamic-state preservation 
than the IZH network under structured disturbance. The energy-
indicator results provide an additional quantitative basis for evaluat‐
ing anti-interference behavior, complementing the synchronization 
and reliability indices. These results confirm that the anti-interference 
capability of bio-inspired neural networks depends jointly on neu‐
ronal dynamics, coupling strength, and network topology.

Fig. 8  Relative energy deviation of HH and IZH networks under different 
topologies and coupling strengths



10 | ENGINEERING Inform Technol Electron Eng   2026 27(7):260117

4 Hardware implementation and anti-interference 

verification of synchronous neural network 

circuits 

4.1 Hardware modeling and implementation principles

To verify the engineering feasibility of the proposed neural syn‐
chronization anti-interference circuit, hardware mapping and experi‐
mental validation of the HH and IZH neural network models are 
performed on an Xilinx Zynq XC7Z020-CLG400 FPGA platform. 
Fig. S11 shows the overall digital signal processing (DSP)/FPGA 
implementation flow, which consists of four stages: discrete model 
construction, fixed-point DSP mapping, neural network architecture 
implementation, and FPGA hardware deployment.

1. The continuous-time neural dynamics are discretized using 
the forward Euler method, transforming the HH and IZH models 
into difference equations suitable for digital computation.

2. The discretized models are translated into the fixed-point 
DSP hardware, where adders, multipliers, registers, and lookup ta‐
bles (LUTs) are employed to update the membrane potential, evolve 
the gating variables, and compute the synaptic coupling.

3. Neural network architecture implementation is performed. 
A TDM strategy is employed to perform neuron-level temporal 
scheduling, where only a limited number of neuron processing cores 
(neuron IPs) and synapse processing units (synapse IPs) are instan‐
tiated, whereas a global controller sequentially updates all neurons 
according to the network topology.

4. The design is synthesized and implemented using Xilinx 
Vivado, and the resulting bitstream is downloaded to the FPGA for 
real-time execution. The hardware output waveforms are captured 
using on-chip and external acquisition modules.

To validate correctness, the FPGA results are compared with sim‐
ulation results under identical initial conditions, coupling strengths, 
and network topologies. The comparison demonstrates strong consis‐
tency in waveform characteristics, synchronization behavior, and en‐
ergy variation trends for the HH and IZH models, confirming the cor‐
rectness and feasibility of the proposed DSP/FPGA implementation.

Notably, the TDM strategy significantly reduces hardware re‐
source consumption by replacing spatial parallelism with temporal 
multiplexing; however, it imposes constraints on network topology 
complexity. Therefore, ring and chain topologies are selected for 
hardware verification because of their regular connectivity patterns, 
which provide a practical trade-off between implementability and 
representativeness.

4.2 FPGA resource utilization and timing performance

The Vivado synthesis and implementation results are as follows: 
the ring HH network consumes approximately 41 944 LUTs and 212 
DSPs, whereas the chain HH network consumes 41 681 LUTs and 212 
DSPs. The ring IZH network consumes approximately 3210 LUTs and 
198 DSPs, and the chain IZH network consumes 3176 LUTs and 198 
DSPs. The high LUT utilization of the HH model results from its 
complex exponential approximations and multichannel gating logic, 
whereas the IZH model requires only linear and quadratic computations.

Static timing analysis verifies that all implementations satisfy 
the 100-MHz clock constraint with a minimum slack of 2.3 ns. The 
membrane potential update rate reaches approximately 104 iterations 

per second, achieving real-time performance for millisecond-scale 
neural dynamics.

The experimental system is shown in Fig. 9.

4.3 Experimental results and analysis

To validate the synchronization and anti-disturbance perfor‐
mance, a direct digital synthesis module is implemented to inject 
a sinusoidal stimulus into neuron N1 with an amplitude of 10 mV 
and a frequency of 0.1 rad/s. For interference tests, a square-wave 
disturbance with an amplitude of 20 mV, a period of 0.001 s, and a 
duty cycle of 5% is superimposed on the input. The output signals 
are converted to analog voltages using an AD9280 or 3PA9280 
analog-to-digital converter operating at 32 mega samples per second 
and captured using an oscilloscope. The measurement results are pre‐
sented in Figs. S12 and 10.

4.3.1　Action potential test results

As shown in Fig. S12, under interference-free conditions, the 
ring and chain networks of the HH and IZH models exhibit stable 
periodic discharges. However, obvious differences are observed after 
introducing the square-wave disturbance. In the HH circuits, both ring 
and chain structures maintain regular action potential waveforms, 
with only slight phase shifts and minor frequency variations. Neu‐
rons such as N11 exhibit complete action potentials, indicating strong 
robustness against disturbance. In contrast, in the IZH circuits, al‐
though the ring structure maintains regular firing, the chain struc‐
ture exhibits significant degradation after interference, including ir‐
regular spike timing, burst clustering, and waveform distortion, es‐
pecially at downstream neurons such as N11.

4.3.2　Synchronization test results

The synchronization details are illustrated in Fig. 10. For the HH 
model, the action potentials of neurons N1 and N11 remain highly 
overlapped in both ring and chain structures, even after disturbance 
injection, demonstrating its strong phase-locking capability. In con‐
trast, for the IZH model, synchronization strongly depends on the 
topology. In the ring structure, partial phase alignment is maintained; 
however, significant timing deviations exist. In the chain structure, 
the synchronization between N1 and N11 significantly degrades after 
disturbance, demonstrating obvious phase lag and loss of alignment.

4.3.3　Results of anti-interference performance indicators

The quantitative results presented in Table 3 support the above 
observations. Under interference-free conditions, the HH model 

Fig. 9  Hardware experimental system diagram
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achieves high reliability values close to 1.0, with 0.989 12 and 0.989 77 
for the chain and ring structures, respectively; the synchronization in‐
dices are 0.242 09 and 0.516 40, respectively. After introducing inter‐
ference, the reliability slightly decreases to 0.870 41 and 0.836 18 for 
the chain and ring structures, respectively, indicating that the HH cir‐
cuit maintains strong output consistency under disturbance. In contrast, 
the IZH model exhibits significantly lower reliability, decreasing from 

0.810 99 and 0.831 51 under interference-free conditions to 0.716 15 and 

0.600 67 after disturbance for the chain and ring structures, respectively.

In terms of the synchronization index, the IZH model exhib‐

its higher sensitivity to disturbance. For the chain structure, the 

synchronization index increases from 0.087 67 to 0.396 36, indicating 

disorder-driven firing rather than stable synchronization. For the 

ring structure, the synchronization index increases from 0.508 48 

to 0.664 82; however, this increase is accompanied by waveform 

distortion and phase inconsistency, as shown in Fig. 10. These re‐

sults indicate that an increase in the synchronization index does not 

always imply improved synchronization quality but may instead re‐

flect excessive excitation and unstable phase behavior.

4.3.4　Results of energy indicators

The quantitative results presented in Tables 4 and 5 support 

these observations. Under interference-free conditions, the HH model 

exhibits relatively close activity energy values in the chain and ring 

structures, with 0.005 611 and 0.006 070, respectively. After intro‐

ducing interference, the activity energy slightly decreases to 0.004 633 

and 0.004 940 for the chain and ring structures, respectively, indi‐

cating that the HH circuit maintains stable dynamic-state energy under 

disturbance. In contrast, the IZH model exhibits more significant 

topology-dependent variations. Under interference-free conditions, 

the activity energy values are 0.149 233 and 0.062 435 for the chain 

and ring structures, respectively. After the introduction of interfer‐

ence, these values decrease to 0.124 591 and 0.032 987, respectively, 

Fig. 10  Action potential diagrams of synchronous states of chain- and ring-type HH and IZH model network circuits: (a) chain-type HH model; (b) ring-
type HH model; (c) chain-type IZH model; (d) ring-type IZH model. The enlarged subplots marked as (-1), (-2), and (-3) show three characteristic phases 
of the action potential, namely, depolarization, repolarization, and hyperpolarization, respectively

Table 3  Synchronization index and reliability indicator of the model before 
and after being subjected to interference

Model

Chain-shaped, without 
interference (HH)

Ring-shaped, without 
interference (HH)

Chain-shaped, without 
interference (IZH)

Ring-shaped, without 
interference (IZH)

Chain-shaped, with 
interference (HH)

Ring-shaped, with 
interference (HH)

Chain-shaped, with 
interference (IZH)

Ring-shaped, with 
interference (IZH)

Synchronization index

0.242 09

0.516 40

0.087 67

0.508 48

0.195 91

0.148 88

0.396 36

0.664 82

Reliability indicator

0.989 12

0.989 77

0.810 99

0.831 51

0.870 41

0.836 18

0.716 15

0.600 67
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showing that the disturbed output state of the IZH circuit is more 
strongly affected by topology.

In terms of energy indicators, the HH and IZH models exhibit 
different sensitivity levels to disturbance under chain and ring topolo‐
gies. For the HH model, the activity energy decreases from 0.005 611 
to 0.004 633 and from 0.006 070 to 0.004 940 in the chain and ring 
structures, respectively, indicating small variations before and after in‐
terference. The corresponding relative energy deviations are 0.174 300 
and 0.186 161, respectively, demonstrating that disturbance causes 
limited dynamic-state deviation in the HH circuit and that the two 
topologies preserve a similar dynamic-state level under disturbance. 
In contrast, the IZH model exhibits significantly stronger topology-
dependent variations. For the chain structure, the activity energy 
decreases from 0.149 233 to 0.124 591, with a relative energy devi‐
ation of 0.165 124, which is close to that of the HH model. However, 
for the ring structure, the activity energy decreases significantly from 
0.062 435 to 0.032 987, and the relative energy deviation increases 
rapidly to 0.471 659, indicating that the disturbed dynamic state de‐
parts significantly more strongly from the undisturbed dynamic state. 
These results suggest that the HH circuit exhibits stronger dynamic-
state preservation under disturbance, whereas the IZH circuit is more 
sensitive to interactions between neuronal dynamics and network 
topology.

4.4 Discussion of the experimental anti-interference 
performance

From the perspective of circuit implementation, the HH neu‐
ron is achieved using multiple parallel computation paths composed 
of multipliers, adders, LUTs, and control logic. The gating variables 
m, h, and n are generated using LUTs or exponential approxima‐
tions to obtain the corresponding α and β parameters, followed by 
numerical integration using multiplier and adder chains. This multi‐
branch structure enables parallel computation of sodium, potassium, 
and leakage currents, forming a multipath feedback system. In con‐
trast, the IZH neuron contains only two state variables, namely, mem‐
brane potential V and recovery variable U, and its computation is 

implemented using a simpler multiplier and adder structure. Synap‐

tic coupling is achieved through linear operations, resulting in a sim‐

plified feedback path.

This structural difference directly determines the synchroniza‐

tion, anti-interference capability, and energy-state preservation of the 

circuit. In the HH implementation, the presence of multiple feedback 

paths allows disturbances to be absorbed across different temporal 

scales. Each computational branch contributes to correcting phase de‐

viations and buffering disturbance-induced dynamic variations, en‐

abling the system to rapidly return to a stable oscillatory trajectory. 

This explains why both ring and chain HH circuits maintain high 

synchronization and reliability. From the perspective of energy in‐

dicators, the HH circuit also exhibits relatively small variations in 

activity energy and limited relative energy deviation after interfer‐

ence injection, indicating that its original dynamic state is effectively 

preserved under disturbance.

In contrast, the IZH circuit relies on a single feedback mecha‐

nism and operates on a single time scale. Consequently, it lacks the 

ability to dissipate disturbance energy progressively. The ring struc‐

ture partially compensates for phase deviations through cyclic feed‐

back; however, recovery remains limited. The chain structure, with‐

out feedback, accumulates errors along the propagation path, result‐

ing in delayed and irregular firing in downstream neurons. From 

the perspective of energy indicators, the IZH circuit exhibits stron‐

ger topology-dependent dynamic-state variations under disturbance. 

In particular, the relative energy deviation of the ring-type IZH cir‐

cuit is significantly greater than that of the chain-type structure, in‐

dicating that the disturbed dynamic state departs more strongly from 

the undisturbed dynamic state.

Overall, the experimental results demonstrate that the HH cir‐

cuit provides stronger hardware-level anti-interference capability, syn‐

chronization stability, and dynamic-state preservation, whereas the 

IZH circuit is more sensitive to disturbance and highly dependent 

on network topology. These findings are consistent with the simula‐

tion results presented in Section 3.

This section maps complex neural dynamics models onto FPGA-

based digital circuits, proposing an efficient TDM IP deployment 

framework. Comparative analysis between the HH and IZH models 

reveals that the HH network offers superior synchronization stability, 

reliability, and energy-state preservation at the cost of higher resource 

consumption. In contrast, the IZH network exhibits excellent com‐

putational efficiency and scalability for large-scale neural implemen‐

tations but shows higher sensitivity of the dynamic state to structured 

disturbance. These hardware verifications provide engineering foun‐

dations for real-time bio-inspired computation, neural modulation, 

and interference-resistant circuit design.

5 Conclusions 

This study investigates the anti-interference stability and hard‐

ware feasibility of bio-inspired neural synchronous discharge circuits 

based on HH and IZH models. The results demonstrate that HH net‐

works exhibit stronger robustness, better synchronization stability, and 

faster rhythm recovery under structured disturbances, primarily be‐

cause of their multichannel gated feedback and biophysical dynamic 

Table 5  Relative energy deviation of the model before and after being 
disturbed

Model

Chain (HH)

Ring (HH)

Chain (IZH)

Ring (IZH)

Relative energy deviation

0.005 611

0.006 070

0.149 233

0.062 435

Table 4  Activity energy of the model before and after being disturbed

Model

Chain-shaped, without interference (HH)

Ring-shaped, without interference (HH)

Chain-shaped, without interference (IZH)

Ring-shaped, without interference (IZH)

Chain-shaped, with interference (HH)

Ring-shaped, with interference (HH)

Chain-shaped, with interference (IZH)

Ring-shaped, with interference (IZH)

Activity energy

0.005 611

0.006 070

0.149 233

0.062 435

0.004 633

0.004 940

0.124 591

0.032 987
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regulation. In contrast, IZH networks require fewer hardware re‐
sources and offer higher implementation efficiency; however, their 
synchronization stability is more easily degraded under interference. 
The comparison of network topologies also indicates that small-world 
structures improve synchronization maintenance through multipath 
phase coordination, whereas chain structures are more susceptible 
to cumulative disturbance propagation. The FPGA implementation 
verifies that neural synchronization mechanisms can be effectively 
incorporated into digital hardware. Overall, this study demonstrates 
the feasibility of introducing biological synchronization dynamics 
into engineered adaptive anti-interference circuit design.
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