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Abstract: Motions of charges between neurons produce some currents. These currents emit 

some electromagnetic waves which could be taken by electrodes on the scalp and form 

topographic images. In this research, a model is proposed which formulate EEG topographic 

parameters in terms of  charge and mass of exchanged particles between neurons, number of 

neurons and length of synapses. In this model, by having densities of frequencies in different 

regions of brain, one can predict type, charge and velocity of particles which are exchanged 

between neurons. Testing the model by experimental data gives the good values for parameters 

which are in agreement with previous predictions. 
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I.Introduction 

Up  to date, it has been known that neurons build some electronic circuits which emit or absorb 

waves. These waves could play the main role in imaging. To detect and measure these waves, 

several techniques have been proposed. For example, electroencephalography (EEG) is one of  

important tools for studying the temporal dynamics of the human brain's large-scale neuronal 

circuits. Modern EEG source imaging simultaneously details the temporal and spatial dimensions 

of brain activity, making it an important and affordable tool to study the properties of 

cerebral, neural networks in cognitive and clinical neurosciences [1,2]. In fact, EEG microstates 

could characterize  the resting-state  activity of  the human  brain. Also, they represent the basic 

building blocks of the chain of spontaneous conscious mental processes, and that their 

occurrence and temporal dynamics determine the quality of mentation [3].  In addition,  these 

EEG microstates could be age-dependent, and may predict cognitive capacities in healthy 

individuals across the lifespan [4]. These states could have different applications so. For 

example, by using EEG microstates and considering evolutions of brains, one can describe that 

why some persons remember dreams and recall them and some ones couldn’t remember dreams 
[5]. Also, by using EEG signals, Autism spectrum disorder could be diagnosed very good [6,7]. 

In addition, Electroencephalogram (EEG) signal analysis can be well suited for automated 

diagnosis of Alzheimer’s disease [8].  

Besides these applications, EEG topography may provide a rich metric by which to understand 

brain function [9].  For example,  the topography of EEG power and the activation of brain 

structures during slow wave sleep under normal conditions and after sleep deprivation could be 

considered.  A group indicated that  sleep deprivation resulted in an increase in wave  strength 

https://www.sciencedirect.com/topics/neuroscience/neural-networks
https://www.sciencedirect.com/topics/neuroscience/neurosciences


only for mid-delta activity, mainly in parietal and frontal regions [10]. Or, another group found 

the persistent enhancement in non rapid eye movement (NREM ) delta power especially in the 

frontal the parietal regions, and progressive increases in individual slow wave slope and frontal 

fast oscillation power [11].  Also, in parallel, many other works have been done on EEG 

topography (See For example [12-14]). 

Motivated by these researches, we will propose a model to formulate the EEG topographic 

results. We will consider the physical base of  features and neural evolutions within the brain. 

The outline of paper is as follows: In section II, we  consider the  origin of brain waves and 

propose a model to formulate them. In section III, we will test the model by experimental data. 

The last section is devoted to conclusion. 

 

II. The Model: 

In this section, we propose a model which  considers the origin of radiated waves of brain. We 

also calculate the frequencies and  related probabilities. 

In this model, a brain is built from many neural circuits. Each neuron has several gates which 

send or receive charges. Motions of charges between neurons produce some electrical currents. 

These currents emit some electromagnetic waves (See Figure 1). To calculate the frequency of 

these waves, first, we should calculate the magnetic fields which is produced by motion of 

charges near the gate j of neuron i: 
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Where  
ij

B  is the magnetic field around the gate j of neuron i, 
ij

r  is the separation distance from 

the gate and 
ij

I  is the current  and could be obtained from below equation : 

ij ij ij
I Q V  
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Where 
ij

Q  is the charge of particles in gate j of neuron i and 
ij

V is the velocity of charges which 

is obtained from below equation: 
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Here, 
ij

l  is the separation between neurons in point ij and 
ij

T is the needed time that charges pass 

this distance. This magnetic field produces the below energy density around the gate i of neuron 

j: 
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To obtain total energy between two neurons in point ij, we should multiply above density and 

volume in this point:  

2

ij ij ij ij ij
E U r l   

(5) 

Where 
ij
  is a volume depended parameter. However, each neuron may oscillate and 

consequently, we will have the below energy:  

ij ij
r r x   

2( )
ij ij ij ij ij

E U r x l    

(6) 

To obtain the force in point ij of brain, we should take a derivative respect to x: 

2 ( ) tan
ij
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This force cause to oscillation of charges and produce the below frequency of waves: 
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To obtain the mean frequency in one region of brain, we should sum over all frequencies and 

divide them into number of frequencies: 
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Where X is the number of gates and N is the number of neurons. The probability for emission of 

each frequency can be obtained from below equation: 
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Comparing these probabilities and frequencies with real experimental datas, one can calculate 

the number of gates and neurons, charges of particles, mass of particles and distances between 

neurons. 



 

Fig 1: Emission of electromagnetic waves from exchanged charges between neurons 

 

III. Testing the model by experimental data 

In this section,  we will compare the model with experimental data and obtain some main 

parameters like the length of synapse and number of neurons which interact with each other. For 

example, in figure 2,  we present results of topographic EEG images for different brain waves 

during dream. Using these results, we provide two tables and figure 3. 

Table 1 shows that if exchanged particles between neurons  be calcium with charge +2  and mass 

40.078 u, the separation distance between dendrite and axon terminals (synapse lengths)  could 

be between 24-40 nanometer. Also, radius of  circle which  interactions occur around the axon-

dendrites should change from 15.2 to 22.5 micro-meter. For these results, at least, 0.033 and at 

most 0.084 of total number of neurons should enter into interactions. Time of each interaction 

may be between 0.03 and 0.5 milli-seconds . 

Table 2 shows that by reducing charge of exchanged particles between neurons to half for 

potassium channels, number of interacting neurons, length of synapses and time of interactions 

should increase while, radius of circles which interactions occur, should decrease. 



Figure 3 shows that for re-obtaining the same results in figure 2, by increasing mass of particles  

respect to a standard mass like sodium mass,  number of interacting neurons should increase. 

This is because that massive charges couldn’t move fast and emit less number of waves and for 

this reason, to compensate this reduction, we need to more neurons which interact, exchange 

particles and charges and produce waves. 

 

Figure 2. Topographic EEG images for different brain waves during dream [1-14] 

 

 

 Q m l r N/Ncri X/Xcri T 

Delta +2 40.078 u 32nano-

meter 

18.4 

micro-

meter 

0.065 0.48 0.5 milli-

second 

Theta +2 40.078 u 40nano-

meter 

15.2 

micro-

meter 

0.084 0.66 0.12  milli-

second 

Alpha +2 40.078 u 24nano-

meter 

22.5 

micro-

0.033 0.24 0.08 milli-

second 



meter 

Beta +2 40.078 u 28nano-

meter 

20.1 

micro-

meter 

0.046 0.35 0.03 milli-

second 

 

Table 1: Predicted estimates for  charge, mass, length of synapses, radius of interactions, number 

of neurons and calcium channels obtained from  topographic EEG images in figure 1.  

 Q m l r N/Ncri X/Xcri T 

Delta +1 39.0983 u 38nano-

meter 

16.2 

micro-

meter 

0.072 0.68 0.33 

milli-

second 

Theta +1 39.0983 u 44nano-

meter 

13.2 

micro-

meter 

0.123 0.83 0.09 

milli-

second 

Alpha +1 39.0983 u 27nano-

meter 

20.4 

micro-

meter 

0.055 0.36 0.06 

milli-

second 

Beta +1 39.0983 u 30nano-

meter 

18.4 

micro-

meter 

0.065 0.44 0.02 

milli-

second 

 

Table 2: Predicted estimates for  charge, mass, length of synapses, radius of interactions, number 

of neurons and Potassium channels obtained from  topographic EEG images in figure 1.  

 



 

Figure 3: Increasing needed number of neurons by increasing mass of exchanged particles 

between neurons. Here, m is the mass of neurotransmitters and m0 is the standard mass. 

Conclusions: 

In this paper, we have proposed a model which relates the EEG topographic parameters to 

number of interacting neurons, length of synapses, charges and masses of ions and particles  and 

radius of circles which interactions occur within them. In this model, charges  move between 

axons and dendrites and emit some waves. These waves are taken by electrodes and produce 

topographic images. By analyzing densities of waves on these pictures, we can guess charge, 

mass and type of exchanged particles and number of interacting neurons. We have tested the 

model against data. 

Data availability: 

Not applicable. This is a theoretical model which has been tested by data of previous 

experiments in cited refs.  
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