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Abnormal spiral wave discharges frequently occur in neocortical neural networks, and there is an 

urgent need for low-intensity, precise intervention to suppress spiking instability. Existing 

regulatory approaches struggle to keep pace with the dynamic evolution of neural electrical 

activity, and there is a lack of effective adaptive control methods. This paper puts forward an 

adaptive magnetic stimulation regulation strategy based on dynamic learning of synchronization 

(DLS). It can effectively suppress spiral waves via dynamic adjustment of electromagnetic 

induction strength in memristor Hodgkin-Huxley neuronal networks. We compared three control 

modes: uniform magnetic stimulation (UMS), alternating magnetic stimulation (AMS), and 

dynamic learning modulated magnetic stimulation (DLMMS). The results indicate that: the 

DLMMS can achieve global synchronization of the network at electromagnetic induction strength 

far lower than that required by the other two modes. Furthermore, its control performance is 

closely correlated with spatial resolution and learning rate. This finding may provide a new 

theoretical basis and implementation pathway for the potential application of intelligent 

optimization algorithms in the development of low-intensity, highly efficient methods for 

eliminating spiral waves. 
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1. Introduction 

Spiral waves are self-organized spatiotemporal patterns in nonlinear excitable 

media, governed by reaction-diffusion equations
[1,2]

. These vsortex-like rotating 

waves are widely observed in natural and biological systems, such as the 

Belousov-Zhabotinsky chemical reaction
[3−6]

and excitable media including cardiac 

and neuronal tissues
[7,8]

. In biological systems, spiral waves often indicate abnormal 
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electrical activity
[9]

, e.g., tachycardia and ventricular fibrillation in the heart
[10]

, as 

well as epileptic seizures
[11,12]

, Parkinson’s disease
[13,14]

 in the cerebral cortex. 

Therefore, effective and minimally invasive elimination or control of spiral waves is a 

key interdisciplinary issue in nonlinear dynamics and biomedicine. 

Using voltage-sensitive dye imaging techniques, researchers observed stable 

rotating spiral waves in rat neocortical slices
[15]

. Their presence is associated with 

cortical activity, significantly altering EEG oscillation frequency, amplitude, and 

spatial coherence
[16]

, which suggests that spiral waves in biological media may be 

modulated by magnetic flux. Transcranial magnetic stimulation (TMS), a 

non-invasive neuromodulation technique
[17−19]

, generates transient magnetic fields that 

induce currents in the brain, modulating local neuronal activity
[20]

 while avoiding the 

discomfort associated with electrical stimulation
[21,22]

. However, traditional TMS 

often uses uniform magnetic field or alternating magnetic field
[23,24]

, which cannot 

dynamically adjust to brain state, leading to limited efficiency and large individual 

differences
[25]

. 

Electromagnetic induction is a key factor affecting neuronal activity
[26−30]

 and 

describing the mechanisms by which membrane potentials are modulated in the 

presence of a magnetic field has become a crucial issue. Memristors, as nonlinear 

resistors with memory
[31]

, couple membrane potential with magnetic flux
[32 −34]

, 

generating complex responses in neuronal systems
[35,36]

. Memristive neurons (such as 

memristive FitzHugh-Nagumo model
[34]

) sense and respond to external 

electromagnetic fields. Networks of such neurons are called memristive neural 

networks
[32,37−39]

. Related theoretical work includes analysis of cardiac tissue under 

induction
[40]

, energy efficiency improvement in Chay neurons
[41]

, and magnetic field 

effects on multilayer media
[42,43]

. In this case, the constructed memristive 

Hodgkin-Huxley neuron model can reasonably capture the modulatory effect of 

magnetic stimulation on neuronal electrical activity
[44,45]], thus the transmembrane 

magnetic flux and electromagnetic effects
[35,46]

are taken into account, providing an 

ideal model for studying spiral wave control. 

The key to eliminating spiral waves is achieving global synchronization, which 

affects information processing and energy transfer in neural networks
[47,48]

. 

Traditional methods adjust topology, periodic driving, or coupling strength, but often 

rely on prior experience and lack adaptability
[49]

. Inspired by the concept of dynamic 

learning in the training of artificial neural networks, researchers have proposed the 

dynamic learning of synchronization (DLS) method
[46−48,50,51]

 based on recursive least 

squares. By capturing state differences between nodes in real time, this method 

adaptively adjusts control parameters, such as coupling strength or external 

stimulation
[52]

. A great deal of work has already been carried out in this field: 

low-intensity adaptive electric shock for cardiac spiral waves
[53]

, DLS-based 

unpinning and elimination of spiral waves
[54]

, dynamic learning-optimized photon 

scanning
[55]

. The DLS method responds to system changes in real time with good 

robustness and generalization. 

Although some progress has been made in previous research into the elimination 

of spiral waves in the cerebral cortex via magnetic fields
[53−58]

, there has been a lack of 
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in-depth investigation into adaptive magnetic stimulation modulation in mammalian 

neocortex. The memristive Hodgkin–Huxley (mHH) model is capable of 

characterizing the coupling dynamics between electromagnetic fields and neurons, 

and simulating cortical neural activities under magnetic stimulation. In this paper, an 

adaptive magnetic stimulation strategy is constructed based on dynamic learning to 

investigate the elimination of spiral waves within such neural networks. We discussed 

several forms of magnetic stimulation, including uniform magnetic stimulation (UMS) 

and alternating magnetic stimulation (AMS), as well as dynamic learning modulated 

magnetic stimulation (DLMMS). The results show that DLMMS can efficiently 

eliminate spiral waves in a shorter time and at a significantly lower electromagnetic 

induction intensity. 

The remainder of the paper is organized as follows. The memristive neural 

network is introduced in Section 2.1, the magnetic induction currents and the 

principles of DLS adaptive control are elaborated in Section 2.2, and the statistical 

measures are presented in Section 2.3. The control of spiral waves via UMS is 

examined in Section 3.1, and spiral wave regulation through AMS is analyzed in 

Section 3.2. The effectiveness of DLMMS in spiral wave control is explored in 

Section 3.3. Finally, the electromagnetic induction intensity and convergence times 

required for global synchronization realization with the three aforementioned methods 

are compared. The physical mechanisms and potential applications of adaptive 

magnetic stimulation are discussed, and overall conclusions are summarized in 

Section 4. 

 

2. Model and methods 

单击此处输入文字。 

2.1. Neuronal network model 

In this paper, given that an external changing magnetic stimulation induces 

currents in neocortex excitable media, a memristor is introduced to describe the 

Hodgkin–Huxley model. We construct a 120×120 Hodgkin-Huxley-type network 

with no-flux boundary conditions. In the spiral wave, the improved HH model 

considering electromagnetic induction is adopted to describe the dynamic activity of 

neurons. By introducing a magnetic flux into the neurons and employing a memristor 

to characterize the coupling between membrane potential and magnetic flux, the 

expression of the mHH model
[32,42]

 considering electromagnetic induction is as 

follows: 
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In Eq.(1), u represents the membrane potential of individual neurons, C is the 

membrane capacitance taking the value of 0.75 μF/cm
2
. The diffusion term 2D u  

describes the spatial electrical coupling of the membrane potential, where D = 1.865 



Chinese Physics B 

 4 

mS/cm
2
 denotes diffusion coefficient, and 2  is Laplacian operator. The diffusion 

term can be discretized as follows[59]: 

2
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where the discretization results imply that each node (i, j) is connected to the other 

eight nodes in its vicinity: namely the four nearest neighbours and the four 

next-nearest neighbours. 

IK, INa, IL are the sodium, potassium and leaky ion currents received by neurons, 

respectively, with their specific expressions as follows: 
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where gK = 40 mS/cm
2
, gNa = 150 mS/cm

2
, gL = 0.033 mS/cm

2 
represent the 

maximum conductivities of potassium ions, sodium ions and leakage ions, 

respectively. uK =−90mV, uNa = 60mV, uL = −70mV represent the reversal potentials 

of potassium ions
[60]

, sodium ions and leakage ions, respectively. The external forcing 

current Iext is set to 1.5μA/cm
2
 in all nodes.  

In Eq.(1), n, m and h are gating parameters of the ion channel, with values 

ranging from 0 to 1. τy and y∞ satisfy equations of the following form: 
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and the conversion rates of the ion channels are as follows: 

0.01( 30) 0.002( 30)
, ,

1 exp[ ( 30) / 9] 1 exp[ ( 30) / 9]

0.182( 30) 0.124( 30)
, ,

1 exp[ ( 30) / 8] 1 exp[ ( 30) / 8]

0.028( 45) 0.0091( 70)
, .

1 exp[ ( 45) / 6] 1 exp[ ( 70) / 6]

n n

m m

h h

u u

u u

u u

u u

u u

u u

 

 

 

  
  

     

  

  
     

  
  

     

 (5)

 

In Section 2.2, we shall continue our study of the magnetic induced current Iφ arising 

from changes in magnetic flux and magnetic field. 

 

2.2. The electromagnetic induction current 

To reproduce the electromagnetic induction effect in a neuronal model, we 

introduce the magnetic flux φ here, and the memristor mediates the coupling between 
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the membrane potential and the magnetic flux[34]. As shown in Fig. 1, by regulating 

the electromagnetic induction intensity, a magnetic induction-induced current Iφ can 

be induced in excitable medium. This current modulates the neuronal membrane 

potential and ultimately achieves control of spiral waves. 

In the mHH model, the induced current resulting from magnetic stimulation is 

denoted as Iφ and is expressed as follows: 

2( 3 ) ,I k u    
 (6) 

where k is the electromagnetic induction strength, and φ is the magnetic flux passing 

through the neuron. α+3βφ
2
 is the memductance of the memristor controlled by the 

magnetic flux, which describes the coupling between the magnetic flux and the 

neuronal membrane potential. The term k(α+3βφ
2
) describes the inhibition modulation 

of membrane potential. In this context, α = 0.4 and β = 0.02
[35,60]

 as fixed parameters, 

and φ satisfies the following expression: 

1 2 sin(2 ),
d

k u k A t
dt


     (7)

 

where k1u and k2φ respectively reflect the influence of membrane potential on 

magnetic flux and magnetic leakage, and the parameters of the electromagnetic effect 

are k1 = 0.001and k2 = 0.01. Asin(2πωt) represents the effect of external 

electromagnetic induction on node, and A and ω denote the amplitude and frequency, 

respectively. Based on the temporal evolution characteristics of magnetic stimulation, 

three magnetic stimulation modes are investigated in this paper. 

 
Fig. 1 Schematic diagram of adaptive magnetic flux control. (a) Schematic illustration of the generation of induced 

current by magnetic stimulation in an excitable medium. The central panel depicts a neuronal network within 

excitable medium. An external magnetic stimulus (green dotted line) is applied; this stimulus penetrates the 

medium and induces an induced current (blue dotted line). (b) A snapshot of the elimination of spiral waves under 

the DLMMS; the blue blocks hovering above the spiral wave represents the local electromagnetic induction 

strength, whilst the brightness of the colored area indicates the spatial distribution of magnetic flux, illustrating the 

non-uniform regulatory characteristics during the synchronization process of the driving network. 

 

The first mode is the UMS, where the magnetic stimulation remains constant 
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during the control process, A=0. This method is simple and easy to implement, but 

lacks the ability to respond to the dynamic changes of the medium, resulting in a 

relatively high required electromagnetic induction strength. A detailed discussion will 

be presented in Section 3.1. 

The second mode is the AMS, whose intensity exhibits periodic changes over 

time, expressed. By adjusting the amplitude, A and frequency ω, resonance with the 

natural frequency of the medium may be induced. See further details in Section 3.2. 

The third mode is DLMMS, which is the core method adopted in this paper. In 

this mode, k is no longer preset, A=0, but is dynamically updated based on the DLS 

method according to the real-time membrane potential differences of the nodes in the 

network. Its core idea is to adaptively adjust the intensity by capturing the deviation 

between the membrane potential of each node and the target membrane potential in 

real time, thereby guiding the network toward global synchronization with minimal 

intensity. We aim to regulate the electromagnetic induction strength applied to the 

excitable medium using the DLS method, thereby achieving synchronization of 

neuronal firing in the neural network. To apply the DLS method for synchronization 

control, it is first necessary to obtain the membrane potentials of the target nodes. The 

membrane potential differences are then used to update the learning parameters, and 

the training results are subsequently applied directionally to these nodes as a driving 

force. As the membrane potential fluctuates, the magnetic flux is continuously 

adjusted, thereby affecting the magnetic induction-induced current. The induced 

current diminishes to zero only when the target nodes achieve synchronization at 

which point the spiral waves in excitable medium are eliminated. The membrane 

potential u(t) obtained from the simulation can be used to calculate the average 

membrane potential umean(t) within each block based on its dynamic characteristics: 

max min( ) ( )
( )

2
mean

u t u t
u t


  (8)

 

where umax(t) and umin(t) represent the maximum and minimum values, respectively, 

of the membrane potential within the block at time t. During this process, the 

DLMMS adjusts the intensity of the applied magnetic stimulation based on the 

average membrane potential within each block. If the size of a block is d, then the 

number of nodes covered by each block is n = d², and the total number of blocks in 

the network is N/n. 

The externally controllable magnetically induced current Iφ is the core subject of 

the DLMMS. The dynamics function of the control term is g(ui) = (α+3βφ
2
)ui. The 

first equation in Eq.(1) is discretized by applying Euler’s algorithm, and the following 

result is obtained: 

2' [ ( ) u ( )] ,i i i i iu u f u D kg u t     (9)
 

where the superscript ’ on a variable is used to distinguish between the current value 

at time t and the updated new value at time t+Δt, with Δt being the time step. At the 

same time, Eq.(7) can be written in discrete form as: 

1 2' [ u sin(2 )] .k k A t t        (10) 
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Next, by splitting Eq.(9) into a system term and a control term, we obtain: 

2( ) u ,
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i i
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When spiral waves are eliminated, the nodes in the network become 

synchronized. After a period of evolution, the medium will gradually approach either 

a resting state or a state of synchronized firing. At this point, the condition ui =umean 

among nodes is sufficient to suppress the generation of new spiral waves. The 

ultimate goal of the Gi term is to minimize the difference between these two 

quantities: 

 
2

mean

1
arg min ,

2
i i iL kG u F    (12)

 

to determine the electromagnetic induction strength k required for optimal 

synchronization at node  , it is necessary to find the point where the derivative of the 

loss function is zero: 
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the analytical solution of k thus obtained is as follows: 
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at each time step, k is readjusted for the selected nodes until the spiral waves are 

eliminated. The detailed solution process can be found in our previous work[54]. The 

core recursive equation of the DLS method is thus obtained as follows: 
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where the initial value satisfies Pi(0) = αI, with   being the identity matrix. α is the 

learning rate, whose value reflects the response sensitivity of the DLS method to 

asynchrony between nodes. A larger value of α leads to a faster growth rate of k, 

thereby enabling faster synchronization of the nodes. The value can be adjusted 

according to the requirements under different conditions. Next, we introduce the 

statistical measurement methods. 

 

 

2.3. The measurements 

Loss of synchronization is the core cause of abnormal dynamic behaviors in 

excitable media. Electrical synchronization is a key prerequisite for maintaining the 

macroscopic ordered dynamics of the medium. Once synchronization is disrupted, the 

medium becomes prone to the formation of non-uniform patterns such as spiral waves, 

which may further evolve into spatiotemporal turbulence, leading to dynamic 
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instability of the system. Here, we introduce the synchronization factor R as a core 

indicator for quantitatively characterizing the degree of synchronization in the 

medium, with its expression given as follows: 
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where ui denotes the membrane potential of the i-th node in the network, the symbol  

 represents the time-averaged value over the statistical period, N is the total number 

of nodes (in the simulation, N = 120×120 = 14,400) and F is the average membrane 

potential of the nodes, reflecting the overall electrical activity level of the medium. 

The value of the synchronization factor R exhibits a clear correspondence with the 

dynamic state of the medium: when R approaches 1, the electrical activity of the 

nodes in the medium is highly synchronized, and the system is in an ordered steady 

state; when R approaches 0, the phase coherence of the nodal electrical activity is 

disrupted, and the system exhibits dynamically unstable states such as spiral waves 

and turbulence. 

To quantitatively describe the magnitude of electromagnetic induction strength 

in the DLS method, we define the average k, denoted as kmean, with its equation given 

as follows: 

1

1
,

N

mean i

i

k k
N 

   (17)

 

where N is the total number of nodes in the network, and ki is the electromagnetic 

induction strength at node i. This metric is used to evaluate the level of 

electromagnetic feedback strength required to achieve global synchronization under 

different control modes. 

In order to comprehensively evaluate the actual driving effects of different 

control modes on the synchronization rate, it is necessary to quantitatively 

characterize the time evolution of the system’s state as it approaches synchronization; 

the convergence time τc is therefore defined as follows: 

,c synct t  
 (18)

 

where t represents the duration of the simulation run, whilst tsync denotes the time at 

which the network is in a state of global synchronization. τc is used to quantitatively 

measure the speed at which the network achieves consistency under different control 

modes. A smaller value of τc indicates that the corresponding electromagnetic 

induction strength is more effective in promoting synchronization; conversely, a 

larger value suggests that the synchronization efficiency of that control mode is lower. 

 

3. Results  
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In this paper, the reaction-diffusion system is numerically integrated using the 

forward Euler method, and all simulations are performed in the Python environment. 

In the computation, the two-dimensional grid consisting of 120×120 nodes are 

reshaped into a one-dimensional column vector containing 14,400 nodes and 

multiplied by the Laplacian matrix to discretize the diffusion coupling term. The 

simulation time step is set to Δt = 0.1ms. 

 

3.1. Uniform magnetic stimulation 

This section aims to investigate the regulatory effect of uniform magnetic 

stimulation on spiral waves. The simulation procedure is as follows: First, stable 

spiral waves are induced in the network under specific initial conditions. Subsequently, 

a uniform electromagnetic induction strength k is applied for a duration of 100 ms, 

during which the evolution behavior of the spiral waves and the global 

synchronization state of the network are observed in real time. To further quantify the 

control effectiveness under different electromagnetic induction strength, we introduce 

the synchronization factor R to analyze the network waveforms for various values of k, 

thereby delineating the parameter interval within which effective regulation can be 

achieved. 

First, we discuss the waveform evolution under uniform electromagnetic 

induction strength over a period of time and observe the changes of spiral waves in 

the network. 

 
Fig. 2 Elimination of spiral waves under uniform electromagnetic induction strength and the corresponding 

synchronization statistics. As the density increases, the spiral waves are gradually eliminated, and the network 

eventually enters a fully synchronized state. The threshold strength is k = 0.385. (a1)-(a4) show snapshots of the 

spatial distribution of the membrane potential at t = 100 ms for k = 0.25, 0.30, 0.35 and 0.40. As k increases, the 

spiral wave packets disintegrate and drift, and the system transitions from an ordered spiral wave state through a 

disordered state to a synchronized state. (b) The behaviour of the synchronization factor R as a function of k shows 

that when k > 0.385, the system undergoes a sudden transition from a non-synchronous spiral wave state to a fully 

synchronized resting state, which is consistent with the phenomenon observed in (a4). 
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Further simulations indicate that the dynamics of a spiral wave are essentially 

determined by the dynamics of its core region—the spiral seed. When k exceeds the 

critical value (k > 0.385), the network achieves complete synchronization, indicating 

that the spiral waves are completely eliminated under the action of the UMS. We 

examined the system evolution process under different feedback strength, setting k = 

0.25, 0.30, 0.35, 0.40 [Figs. 2 (a1)-(a4)]. Under a low feedback strength, the spiral 

seed maintains a stable rotating rhythm, and the spiral wave structure remains intact 

without being eliminated [Fig. 2(a1)]. As the feedback strength increases to a 

moderate level [Figs. 2(a2)-(a3)], the spiral seed gradually becomes unstable, the 

wavefront breaks up, and a turbulent state is induced in the network. When the 

feedback strength further increases and exceeds the critical threshold (k > 0.385), the 

spiral seed is completely destroyed, the spiral waves disappear, and the network enters 

a globally synchronized resting state [Fig. 2(a4)]. 

The statistical relationship between network synchronization and the strength k is 

shown in Fig. 2(b). The results indicate that as the strength k increases, the 

synchronization factor R exhibits an overall upward trend. It is worth noting, however, 

that this increase is not a simple linear accumulation but exhibits a distinct nonlinear 

jump around k ≈ 0.385: the synchronization factor rapidly jumps from a low value to 

nearly 1.0 [Fig. 2(b)]. This jump phenomenon reveals that the suppressive effect of 

magnetic stimulation on spiral waves exhibits a typical threshold effect the spiral 

wave becomes unstable and eventually annihilates only when the applied 

electromagnetic induction strength is sufficient to disrupt the self-sustained rhythm of 

the spiral seed. Once this critical point is exceeded, the system enters a globally 

synchronized state. Beyond this threshold, further increasing the strength k leaves the 

network in a globally synchronized state under the UMS. 

 

3.2. Alternating magnetic stimulation 

In this section, we investigate the effects of an external magnetic stimulation 

with periodic magnetic flux variation on the neuronal network, with amplitude A and 

frequency ω. The simulation procedure in this section is consistent with that in 

Section 3.1. Finally, the synchronization factor is used to statistically analyze the 

synchronization changes of the neuronal network under the non-uniform periodic 

external magnetic flux with varying amplitude A and frequency ω . 



Chinese Physics B 

 11 

 

Fig. 3 The effect of the amplitude of AMS on the spatiotemporal dynamical behaviour of a network. Fixed 

parameters: k = 0.045, ω = 0.0008kHz. (a1)-(a3) show snapshots of the spatial distribution of the membrane 

potential at t = 100 ms for different amplitudes A = 2.0, 4.0, 6.0. (b1)-(b3) show the membrane potential time series 

at nodes (1, 1) and (100, 100) for the corresponding amplitudes, illustrating how the nodes change as k and t vary. 

As A increases, the network map undergoes significant changes, indicating that AMS have a marked modulatory 

effect on neuronal electrical activity. 

 

In Fig. 3, we can clearly observe that after introducing the periodic external 

magnetic flux, as the amplitude A of the periodic magnetic stimulation increases, the 

spatiotemporal patterns of the network exhibit significant changes. When A =2.0 [Figs. 

3(a1) and Figs.(b1)], the spiral wave structure remains essentially stable, and the node 

membrane potentials exhibit periodic oscillations. When A increases to 4.0 [Figs. 3(a2) 

and Figs.(b2)], the spiral wave tip begins to destabilize, the wavefront undergoes 

fragmentation, and a turbulent state emerges in the network, accompanied by a 

decrease in the synchronization of the node membrane potential time series. When A 

further increases to 6.0 [Fig. 3(a3) and Figs.(b3)], the synchronization of the node 

membrane potential time series becomes increasingly higher until the spiral waves in 

the network are eliminated, and the network enters a globally synchronized resting 

state. 

The above results indicate that the amplitude of the periodic external magnetic 

stimulation exerts a significant modulatory effect on the evolution of spiral waves. 

However, amplitude is not the only factor determining the effectiveness of magnetic 

stimulation regulation; the frequency of the magnetic stimulation is also a key 

parameter affecting the dynamic behavior of spiral waves. To investigate the role of 

the frequency of the periodic external magnetic stimulation in the process of spiral 

wave elimination, we further examined the effects of periodic magnetic stimulation 
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with different frequencies on the spatiotemporal dynamics of the network under fixed 

amplitude and electromagnetic induction strength. The results are shown in Fig.4. 

 

Fig. 4 Modulation of the spatiotemporal dynamics of the network by the frequency of AMS. Fixed parameters: A = 

2.0 and k = 0.045. (a1)-(a3) show snapshots of the spatial distribution of the membrane potential at different 

frequencies ω=0.0002kHz, 0.00036kHz, 0.00053kHz. (b1)-(b3) show the membrane potential time series for 

network nodes (1, 1) and (100, 100) at the corresponding frequencies, illustrating those different frequencies of 

AMS elicit different response characteristics in spiral waves. 

 

From the figure, it can be observed that as the frequency ω increases, the 

spatiotemporal patterns of the network exhibit non-monotonic evolution 

characteristics. When the frequency is low ω =0.0002kHz [Figs. 4(a1) and Figs.(b1)], 

the frequency matches the intrinsic dynamics of the spiral wave tip, effectively 

disrupting its self-sustained rhythm. The spiral waves are largely eliminated, and the 

network tends toward synchronization. As the frequency increases to ω =0.00036kHz 

[Figs. 4(a2) and Figs.(b2)], the frequency deviates from the resonance range. The 

spiral wave tip begins to destabilize but is not yet eliminated, and the synchronization 

of the node membrane potential time series decreases. When the frequency further 

increases to ω =0.00053kHz [Figs. 4(a3) and Figs.(b3)], the frequency becomes 

higher and re-enters the resonance range, achieving synchronization. 

These results indicate that the frequency of the external magnetic stimulation is a 

key parameter in regulating the dynamics of spiral waves. Similar to the effect of 

amplitude, there exists a resonant frequency for spiral wave elimination-only when 

the frequency of the external periodic magnetic stimulation matches the intrinsic 

rhythm of the spiral wave tip (or is sufficient to disrupt it) can the self-sustained 

oscillation of the spiral seed be effectively broken, achieving globally synchronized 

control of the network. 
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Fig.5 further reveals, from a two-dimensional parameter space, the synergistic 

regulatory mechanism of the amplitude A and frequency ω of a periodic external 

magnetic stimulation on the network’s synchronous state. Under a fixed strength of k 

= 0.045, we investigated the synchronization response characteristics of the network 

for various combinations of amplitude A and frequency ω. Fig.5 shows the 

two-dimensional statistical results of the synchronization factor R as a function of 

frequency ω and amplitude A. 

 

Fig. 5 Synergistic regulation of network synchronization states by the amplitude and frequency of AMS. Fixed 

parameters: k = 0.045. (a1)-(a4) show the membrane potential sequences at nodes (1, 1) and (100, 100) for, under 

the influence of ω = 0.00015kHz, ω = 0.00025kHz, ω = 0.00035kHz, and ω = 0.0005kHz at different frequencies. 

(b) The figure shows the two-dimensional statistical results of the synchronization factor R as a function of 

frequency ω and amplitude A. The four red solid points on the dashed line correspond to the states shown in Figs. 

(a1)-(a4), respectively. 

 

Figs. 5(a1)-(a4) shows the time series of node membrane potentials at different 

frequencies under a fixed amplitude of A=2.0. To facilitate the observation of the 

membrane potential sequences reflecting the network’s synchronous state, we 

extended the simulation time to 200 ms (increasing the simulation time does not affect 

the simulation results; The simulation duration in the statistical graph remains at 100 

ms). This provides clear evidence of the aforementioned parametric relationship: 

when ω = 0.00015kHz [Fig. 5(a1)] and ω = 0.00025kHz [Fig. 5(a2)], the system is in 

a synchronized state, and the membrane potential sequences of the two nodes are 

highly consistent; When ω increases to 0.00035kHz [Fig. 5(a3)], the system deviates 

from the optimal synchronization window, and a marked difference appears in the 

membrane potential sequences of the two nodes; the network is in an asynchronous 

state; When ω is further increased to 0.0005kHz [Fig. 5(a4)], the system re-enters 

synchronization, and the membrane potentials at the two nodes once again converge. 

Further examination of the two-dimensional phase diagram reveals that the 

network’s synchronization state exhibits a multi-region distribution in parameter 

space, with two main synchronization control regions: One is the low-frequency, 

high-amplitude region (A > 1.0, 0.0001kHz < ω < 0.00032kHz), in which the 

synchronization factor R also approaches 1, indicating that extremely low-frequency 
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magnetic stimulation can still effectively cancel out spiral waves and achieve network 

synchronization when the amplitude is sufficiently large; Another is the 

mid-frequency region (A > 1.0, 0.00039kHz < ω <0.00065kHz), which is another 

highly efficient synchronization control window. However, as the frequency increases 

further (ω>0.00065kHz), the magnetic stimulation changes too rapidly to effectively 

influence the slow-varying dynamics of the spiral waves; consequently, the 

synchronization factor drops significantly, and the network struggles to achieve full 

synchronization. 

Taking the above results together, it can be concluded that alternating magnetic 

stimulation utilizes the resonance effect between its frequency and the intrinsic 

rhythm of the helical wavefront; within the resonance band, it can effectively 

eliminate the helical waves and achieve global synchronization. This method offers 

advantages such as low force requirements, multiple effective control windows and 

flexible adjustment; however, its damping effectiveness is highly dependent on 

frequency resonance and requires precise coordination with amplitude, making 

parameter matching rather demanding. 

  

3.3. Dynamic learning modulated magnetic stimulation 

The electrical activity of neural networks is significantly modulated by 

electromagnetic induction. To effectively suppress abnormal discharge modes such as 

spiral waves in the network, this paper introduces the DLS method to achieve 

adaptive control of the value of k. This section will systematically explain the 

fundamental principles of the DLS method for modulating magnetic flux in excitable 

media, as well as its specific applications in spiral wave control. 

The DLS method is an adaptive control algorithm based on recursive least 

squares; its core principle involves dynamically updating control parameters by 

collecting membrane potential signals from network nodes in real time, thereby 

driving the network to gradually converge towards a state of global synchronization[41]. 

This method requires no prior training, offers good real-time performance and 

adaptability, and is suitable for non-linear systems where the model is uncertain or the 

environment is changing. In this study, we applied the DLS method to mHH model to 

achieve adaptive suppression of spiral waves by dynamically adjusting the value of k. 

During the simulation, we perform synchronous training on all nodes within the 

medium. The simulation procedure is set out as follows: first, allow the spiral wave to 

evolve freely for 5 ms; Next, initiate DLS training; the training lasts for 25 ms; Finally, 

the training is terminated, and the system is monitored for a further 70 ms to 

determine whether the network has entered a globally synchronized resting state. 

Ideally, the control system should be able to adjust the feedback strength in real time 

based on the global membrane potential of the medium, thereby effectively 

eliminating the spiral waves. 

Figs. 6(a1), (a2) and (a3) illustrate the control performance of spatial spiral 

waves when the learning rate α =0.001, and the size of the block, which is the spatial 

resolution of k is 12×12 nodes (denoted as 12-node); we systematically analyze the 

dynamic adjustment process of the feedback intensity based on the DLS method at 



Chinese Physics B 

 15 

this resolution. Fig.6 illustrates the evolution of the membrane potential, magnetically 

induced current and feedback strength over time at this resolution, providing an 

intuitive basis for understanding the dynamic control behaviour of the DLS method in 

the regulation of helical waves. 

 

Fig. 6 Elimination of spiral waves based on DLMMS. Fixed parameters: α = 0.0001, resolution is 12-node. (a1), 

(a2) and (a3) are spatial snapshots at t = 0, 25 ms and 100 ms, respectively. (b1) shows discharge waveforms for 

the membrane potential at different nodes. (b2) shows the magnetic induction currents at different nodes. (b3) 

illustrates the evolution of the k-values of some neurons during the dynamic adjustment process. Here, the nodes in 

the two-dimensional space are sequentially unfolded into a one-dimensional index, where i denotes the node 

number (i ϵ[1, N]). 

 

The process of eliminating helical waves under the influence of DLMMS is 

shown in Figs. 6(a1)-(a3). In the simulation, after 5 ms, a value of k controlled by the 

DLS method is introduced into the network, inducing a decrease in the membrane 

potential in regions of the medium with high membrane potential (action potential 

nodes), thereby achieving global synchronization. During this process, the membrane 

potential of the spiral wave, the magnetically induced current and the variation in the 

magnetically induced current can be observed in Fig. 6(b1), Fig. 6(b2) and Fig. 6(b3). 

The results show that, as the network gradually achieved global synchronization, the 

k-value of each neuron underwent a marked change. During the initial phase of 

DLMMS operation, as shown in the early part of Fig. 6(b1), it can be seen that the 

firing state of the neurons in the network is unstable. At the same time, a marked 

change in the k-value is observed at around 5-15 ms in Fig. 6(b3). Subsequently, the 

differences in firing patterns among the neurons in the network diminish; at this stage, 

the value of k changes only slightly, and the network gradually synchronizes; when all 

nodes are firing in a regular pattern, the value of k for each neuron gradually 

decreases to 0. 
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The above discussion highlights a key feature of the DLMMS: there is a close 

correlation between the regulation of the k value in neurons and their firing activity. 

This method is capable of accurately identifying differences in firing patterns between 

neurons and, based on this, dynamically adjusting the feedback strength of each unit, 

thereby achieving global synchronization of the neural network. However, in practice, 

control systems are often subject to physical limitations in terms of spatial resolution, 

which naturally raises a key question: given that it is not possible to regulate each 

node independently, what level of resolution is required to ensure effective 

suppression of the spiral wave? To investigate the above issues, we fixed the learning 

rate α at 0.0001 in Fig. 7 and examined the suppression effect on spiral waves by 

varying the spatial resolution to 10-node, 12-node, and 15-node.  

 
Fig.7 The effectiveness of spiral wave control using the DLMMS at different resolutions. Fixed parameters: α = 

0.0001. (a1)-(c1) and (a2)-(c2) show snapshots of the spatial distribution of the membrane potential at 10 ms and 

100 ms during the control process, respectively, where (a1)-(a2), (b1)-(b2) and (c1)-(c2) correspond to resolution 

of 10-node, 12-node and 15-node, respectively (the smaller the node size, the higher the resolution of k). It can be 

seen that when the resolution is 10-node, the spiral wave is completely eliminated; when the resolution is 12-node, 

the wavefront breaks up and synchronization is not achieved; when the resolution is 15-node, control fails and the 

spiral wave continues to rotate. 

 

In Fig. 7(a1), Fig. 7(a2) and Fig. 7(b1), Fig. 7(b2), the spiral waves were 

successfully suppressed at the 10-node and 12-node resolutions; however, they could 

not be suppressed at the 15-node resolution, and under this magnetic field strength, 

the spiral waves exhibited abnormal propagation. This is because the lower resolution 

is unable to resolve the wave wall (the thickness of the mHH wave wall is 

approximately 12 nodes), and can only enhance the magnetic induction intensity to 

force the system into synchronization. As can be clearly seen in Fig. 7(c2), the 
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left-hand half of the spiral wave that had not yet been eliminated is re-excited, and 

new spiral wave seeds are induced in the network following the removal of the 

DLMMS. 

The above results indicate that, under a fixed learning rate α, the spatial 

resolution has a decisive influence on the effectiveness of spiral wave control. The 

higher the resolution, the more precisely the control system can act on the core region 

of the spiral wave, resulting in a more significant suppression effect. When the 

resolution exceeds the scale of the spiral wave’s wall, the control capability decreases 

significantly. It can therefore be inferred that the effectiveness of the DLMMS control 

strategy is highly dependent on spatial resolution: the higher the resolution, the more 

precisely the control system can act on the core region of the spiral wave, resulting in 

a more significant suppression effect; conversely, insufficient resolution makes it 

difficult to achieve global synchronization. In this 120×120 node network, due to the 

DLMMS mechanism, the network must be divided into an integer number of square 

blocks; this means that the length of a block can only take discrete values, whilst the 

size of a block satisfies 16

1( )i id 
={1,2,3,4,5,6,8,10,12,15,20,24,30,40,60,120}. It 

therefore follows that the smaller the block size, the higher the corresponding 

resolution. When the block size exceeds 24-node, the network operates entirely in an 

asynchronous state; we shall therefore not consider such cases. To illustrate this more 

clearly, we have compiled statistics on the network’s R and k values for different 

block sizes and learning rates. ( In the simulation, R and k are still calculated based on 

120×120 nodes.) 

 
Fig. 8 Statistics of synchronization factor R and electromagnetic induction strength k as a function of the block size 

and learning rate α under the DLMMS. ( For the discrete index iϵ[1, 11], the associated values satisfies: 11

1( )i id 

={1,2,3,4,5,6,8,10,12,15,20}.) In the statistics, figure b omits the asynchronous magnetic flux density data (shown 

in white) from the network and displays only the electromagnetic flux density when the network is in a 

synchronized state. (a) and (b) are broadly divided into three regions. In (b), a slightly smaller value of α can 

reduce the excitation in the resting-state region caused by low resolution. The effective minimum of k occurs in the 

deep blue region (3), at which point the network is fully synchronized. 

 

In Fig. 8, we divide the parameter space (di, α) into three characteristic regions, 

as shown in Fig. 8(b): The yellow-green region (1) corresponds to higher α values and 
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higher resolution. Although the network is capable of achieving global 

synchronization within this region, the increased magnetic response resulting from the 

high α values and high resolution leads to a significant increase in the magnetic 

stimulation intensity required to maintain synchronization. In other words, this region 

achieves synchronization at the cost of ‘high precision and high intensity’, and is 

therefore not the optimal control range. In the light green region (2), whilst a 

reduction in resolution would normally result in more resting-state regions, 

appropriately increasing the learning rate α can effectively compensate for this 

shortcoming—a high α value enhances the responsiveness of adaptive adjustments, 

thereby making up for the loss of information caused by insufficient spatial resolution. 

Within this region, the network remains synchronized, and the effects of the reduced 

resolution are effectively compensated for by optimizing the algorithm parameters, 

resulting in a significantly lower required magnetic stimulation intensity compared 

with region (1). The dark blue region (3) corresponds to a resolution equivalent to that 

of the wave wall; when combined with a learning rate α of approximately 1.0×10
−4

, 

this combination of parameters enables the DLMMS method not only to achieve full 

synchronization of the network, but also to require the lowest magnetic induction 

intensity of all synchronization regions. In summary, during the DLMMS control 

process, efficient control of the minimum magnetic flux density can be achieved by 

adjusting the two parameters: α and resolution. 

 

4. Discussion and conclusion 

In this paper, we discuss several methods for eliminating spiral waves in the 

brain: the use of UMS, AMS, and DLS method to eliminate spiral waves. In these 

cases, when three different magnetic stimulation conditions were applied to the spiral 

waves over the same simulation time, our study shows that, after DLS training of the 

target node, the spiral wave can rapidly achieve indiscriminate electrical 

synchronization. We compared the DLS method with existing UMS and AMS 

methods in terms of the minimum required electromagnetic induction strength k, as 

shown in Fig. 9. 

 
Fig. 9 Comparison of the minimum electromagnetic induction strength required by the three methods, and their 

convergence times. In the AMS control, the amplitude and frequency are adjusted according to the natural 
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frequencies of the nodes; in the DLMMS control, adjust the learning rate α and the resolution. ( The error bar 

represents the steady-state synchronization error of the system following multiple independent simulation runs) 

 

As shown in Fig. 9, in the three scenarios described above, the minimum 

electromagnetic induction strength required for the UMS to eliminate helical waves 

ranges from 0.367 to 0.417. Although this method is capable of completely and stably 

eliminating helical waves, it relies on a high and constant magnetic flux density; If the 

intensity is insufficient, this will induce wave-front fragmentation and turbulent flow, 

which will in turn exacerbate the chaos within the system. At the same time, as can be 

seen from Fig. 9(b), the UMS has the longest convergence time, indicating that its 

dynamic response is the slowest and its real-time control efficiency is relatively low. 

Encouragingly, the electromagnetic induction strength required to eliminate spiral 

waves using alternating magnetic stimulation is only 0.042–0.060, which is 

approximately 11% – 15% of that required for UMS. By utilizing the resonance effect 

between the frequency of the stimulation and the intrinsic rhythm of the spiral 

wavefronts, spiral waves can be effectively eliminated and global synchronization 

achieved within the resonance band. AMS offers advantages such as low force 

requirements, multiple effective control windows and flexible adjustment; however, 

its damping effectiveness is highly dependent on frequency resonance and requires 

precise coordination with amplitude, making parameter matching rather demanding. 

In terms of convergence performance, AMS significantly shortens the system’s 

transient response and accelerates phase locking between network nodes, resulting in 

a substantially shorter convergence time compared to UMS.  

Compared with the two traditional control methods, UMS and AMS, the 

advantages of DLMMS lie not only in the significant reduction in electromagnetic 

induction strength, but also in the system's outstanding adaptive control capabilities. 

By dynamically learning the electrical activity characteristics of target neurons, the 

DLS method is able to adapt in real time to the dynamic evolution of the spiral wave 

head. This avoids the drawbacks of UMS regulation, where the electromagnetic 

induction strength is fixed and thus unable to cope with dynamic changes in neural 

electrical activity, and also overcomes the dependence of AMS on resonance 

frequency. By precisely training nodes within the resolution, DLMMS achieves 

‘low-intensity, high-precision, high-stability’ spiral wave cancellation; the minimum 

electromagnetic induction intensity required is only 23% – 34% of that of AMS, and 

less than 4% of that of UMS. Based on a dynamic adaptive learning mechanism, 

DLMMS significantly optimizes the system’s convergence performance: it rapidly 

locks onto the target node states at the outset of control, thereby substantially 

shortening the system’s transient response; its convergence time is further reduced 

compared to AMS and is reduced by an order of magnitude compared to UMS. 

Among the three methods, it demonstrates the best response efficiency and dynamic 

regulation capability, whilst significantly enhancing the stability of network 

synchronization. 

In this paper, the effectiveness of three methods in eliminating spiral waves is 

systematically discussed. It clarifies the dual advantages of DLMMS in terms of both 
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strength and convergence rate, thereby providing strong evidence of the method’s 

effectiveness and superiority in the elimination of low-intensity, high-precision spiral 

waves. The proposed DLS method offers a novel, effective, and flexible approach to 

the elimination of spiral waves in excitable media. Although the DLS method 

performs exceptionally well in eliminating helical waves and thereby achieving 

electrical synchronization, it still has some limitations. Real cortical tissue has a 

certain thickness, and the intensity of electromagnetic fields decreases as they pass 

through tissue of a certain thickness, similar to optical illumination
[62]

 Currently, 

magnetic stimulation technology
[17,18]

 can be more widely applied to excitable 

media
[53−56]

, and even extended to magnetically sensitive media
[57]

. Electromagnetic 

stimulation has a certain effect on spiral waves in the mammalian neocortex; we can 

further explore this by combining magnetic field modulation methods
[32,37,57]

from 

magnetogenetics
[63]

. In addition, we can further apply the alternating direction method 

of multipliers
[64,65]

 to constrain the DLS, thereby further reducing the electromagnetic 

induction strength required to eliminate the spiral wave. As an exploratory study, this 

low-intensity magnetic induction strategy is expected to provide a new theoretical 

perspective and practical guidance for selecting magnetic induction intensities in 

TMS. 
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