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Abstract.Video-image data can be analyzed and processed in many ways. This 

paper explores to what extent spiking neurons, which are designed along the 

Hodgkin-Huxley model, are suitable for this task. The simulations reported in 

this paper consider integrate-and-fire neurons, constant as well as alternating 

input currents, and pixel-intensity driven inputs. Currently, the simulation soft-

ware employs 64 independently operating spiking neurons that process image 

data taken every 25 ms. The results reported here serve as a prerequisite step 

towards an FPGA-based implementation 
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1 INTRODUCTION 

The literature provides an uncountable number of methods for analyzing video im-

age data [1] [2] [3]. One of the many options consists in using artificial neural net-

works. 

Because of our hardware-based research context, particularly field-programmable 

gate arrays (FPGAs), this paper explores some aspects of spiking neurons, which are 

biologically plausible in many respects. Section 2 provides a short description of this 

network model. 

As a preparational step toward the implementation on FPGAs, we have developed 

a proper simulation-software. This software is based on the freely-available Qt graph-

ical implementation platform, and is briefly described in Section 3. As a first step, 

Section 4 illustrates the simulation of a single neuron. This single neuron is fed with 

both constant and alternating input currents. The subsequent Section 5 describes the 

experimental setup as well as the simulation results when analyzing video image data. 

Finally, Section 6 concludes with a brief discussion. 



2 BACKGROUND:  Models of Biological Neurons 

Analyzing the biophysical mechanisms responsible for generating neuronal activity 

has led to the construction of several neuronal models. A neuronal model is an ab-

stract mathematical description of the properties of nerve cells, or neurons, and is 

designed to accurately describe and predict biological processes [4].  

Alan Hodgkin (a biophysicist) and Andrew Huxley (a physiologist) studied the gi-

ant axon of the squid (~0.5 mm) and managed to shed light on key aspects of the ionic 

conductancs responsible for the nerve action potential. In 1952, they published a se-

ries of five papers, that proposed a detailed mathematical model called Hodgkin-

Huxley model that describes the electrical excitability of neurons in terms of discrete 

Na+ and K+ currents [5]. Based on the Hodgkin-Huxley model, other biological mod-

els were proposed such as FitzHugh-Nagumo (1961 and 1962), Morris-Lecar (1981) 

and Hindmarsh-Rose (1984) [4]. In 1907, Louis Lapicque (a neuroscientist) proposed 

the so-called integrate-and-fire model. Although it is one of the earliest models, the 

integrate-and-fire is still one of the most favorable models in the fields of computa-

tional and mathematical neuroscience [6]. Because of its biological properties, this 

model works as a basis of the research presented here. 

A biological cell consists of three parts: dendrites (inputs), cell body (processing 

unit) and the synapses (output). In a neural network, the axon of a cell is typically 

connected to the dendrites of other cells allowing these cells to communicate by ex-

changing short electrical pulses called action potentials or spikes. In many artificial 

neuron models [7][8][9], the essence of synapses is somewhat absent, since these 

models use “weights” to express them. Such models can be described as a composi-

tion of two functions, the propagation or integration function (usually the inputs and 

weights are multiplied and then summed) and the activation function (usually the 

threshold).  

The integrate-and-fire model aims for more biological realism. Spiking Neuron 

Networks (SNNs) outperform the neural networks made of threshold or sigmoid pro-

cessing units [10]. Many spiking models serve to reduce the cost and space needed to 

implement the traditional threshold neurons. With the integrate-and-fire neuron mod-



el, a neuron will fire a spike when its membrane potential reaches a threshold value 

Vth (usually -50 to -55 mV) following a stereotyped trajectory. After firing the spike, 

the membrane potential returns to its reset value Vreset, where Vreset < Vth. 

As Lapicque [2] proposed, the integrate-and-fire neuron can be described using a 

circuit that comprises a capacitance and a resistance. See Figure 1. 

 

Fig. 1. The integrate-and-fire neuron circuit 

The membrane potential in response to a constant injected current is given by the 

following equation [11]:  

 v(t) = EL + RI + (V0 – EL – RI)  R I exp( 
   

  
 )  (1) 

with v = v(t)  denoting the membrane potential, I = I(t) denoting the input current, R 

denotes the membrane resistance, C denotes the capacitance, v0 denotes the potential 

at time t=0, EL denotes the resting potential and   = RC denotes the membrane time 

constant.  

3 SIMULATION-SOFTWARE 

A simulation-application was developed to demonstrate the behavior of the neuron. 

Qt from NOKIA was used in the development. The application produces a group of 

graphs as well as text files that can be used to gather some statistics. The parameters 

of the neuron along with the injected current can be changed separately or altogether 

with the same ratio. Regarding the image and video data, the application provides the 

basic I/O and playback functionality. Also a few transformations can be applied to the 

loaded image such as pixel-inverting and grayscale filter. 

4 SIMULATION 

During the simulation, the neuron receives constant and alternating currents. The 

image and video frame data will also be translated into a form of constant and alter-

nating currents. In the simulations done here, the pre-synaptic activity was ignored, 

i.e., the spikes delivered by the predecessor neurons were discarded, so the injected 

current is the only external driving-force of the neuron. Only one simulation incorpo-



rated the pre-synaptic activity, and it was expressed in the form of spike-times includ-

ed in the injected current’s equation. This was done in the simulation in response to 

an Alternating current input. 

4.1 CONSTANT CURRENT 

In this case, the injected current is time-independent and the neuron will fire at 

fixed time intervals, if its action potentials exceed the threshold.  

 

Fig. 2. The spikes of the neuron when constant current is injected (I =0.1 mA with no pre-

synaptic activity). In this simulation, the neuronal parameters were set as follows: C= 2.0   R= 

12.0   vreset= -0.5   v0= 0   vth= 1.0. The simulation took place over a duration of 100 seconds; 

(The imulation’s period can be changed using the application). 1 

4.2 ALTERNATING CURRENT 

In this case, the injected current is time-dependent and follows a sigmoid function 

as the one shown below: 

 I(t – s – tj
(f)

)  = {
 

  
   (      

 
)         

 

                                               
  (2) 

where q is the total charge delivered by the spike, Ts is a time constant describes the 

current’s decay. tj
(f) 

is used to express the pre-synaptic activity; in this case it contains 

the fire-times of the pre-synaptic neuron. 

The membrane potential in this case will take the form [12]: 

v(t) = v0 + (vreset – v0) exp(- 
       

  
) + 

 

 
 ∫        

 

  

       

 
                        (3)   

where tprev represents the last firing-time of the neuron. Riemann’s sum was used to 

approximate the value of the integration included in the above formula. 

Figure 3 shows the simulation results in response to an alternating current being in-

jected with taking into consideration the pre-synaptic activity. 

                                                           
1 For a better-resolution photos, check the link: http://goo.gl/XAm38 



 

Fig. 3. Simulation result in response to an alternating current (I = 0.1 mA and decay= 5) with 

the neuron parameters set as follows: C= 2.0   q= 1.3   R= 10  vreset= -0.5   v0= 0   vth= 1.0. The 

neuron fired once during a simulation period of 100 sec. 

5 IMAGE-VIDEO INPUT 

The input current in this case will be the intensity value of a pixel in a constant im-

age or a captured video-frame. 

The intensity of an RGB pixel is the average of its color components: 

 I = 
     

 
   where R=Red, G= Green, B= Blue 

The application provides a grid of 64 neurons arranged in eight rows. The behavior of 

one neuron can be depicted at a time. When loading an image or capturing a video-

frame, 64 pixels will be taken to form the input currents of the 64 neurons in the 

above-mentioned grid. 

Each neuron is assigned with one pixel and it operates completely independent 

from all other neurons. Figure 8 shows the spikes of the 47th neuron in the grid as a 

response to a constant input passed by a pixel’s intensity value from the loaded image. 

 

Fig. 4. Spikes resulted as a response to the intensity value of a pixel passed as input. 



5.1 Transformations  

1. Grayscale: The grayscale value of an RGB pixel is computed using the formula 

[13]:  

grayscale = 0.299 * R + 0.587 * G + 0.114 * B ; R=Red, G= Green, B= Blue   

As the equation given above shows, a grayscale transformation reduces the intensity 

value of the pixel, i.e. , the value of the input current will also be reduced. This reduc-

tion will result in one of the following two situations:  

1. If the same threshold was used for both the original image and its grayscale ver-

sion, then the neuron will not fire. 

2. If a reduced threshold with the same ratio was used for the grayscale image, then 

the neuron will fire at the same intervals as with the original pixel, but the action 

potentials will be smaller. 

The approach being used to compute the threshold value tends towards the situa-

tion B, and different thresholds will be used. 

 

Fig. 5. The spikes the 47th neuron fired in response to the grayscale value of the pixel (the 

same pixel considered in Figure 6). 

2. Inverting-Pixels: Inverting an RGB pixel means to subtract each one of its color 

components from 255, and then construct a new color from the resulted values. 

InvColor= RGB(255 – R, 255 - G, 255 - B); R,G,B represent the color components of 

the original pixel. 

In this case, the neurons that fired when fed with the original pixel, will not fire in 

response to the pixel-invert and vice versa, e.g., the 47th neuron in the grid will not 

fire with the inverted pixel. 

5.2  Mapping the intensity values to proper current values 

Since the value of each color component in a pixel exists in the range of 0..255, so 

will be the intensity value. The value of the injected current should also exist in a 

reasonable range. For the simulation done here, the range 0..0.5 was chosen to repre-

sent the current values. Then, a mapping is required to map each intensity value to a 

corresponding value in the range of 0..0.5. 

Let IMin, IMax, CurrMin, CurrMax be the bounds (lower then upper) of the intensity 

and input-current respectively. Then we have:  

IRange= IMax – IMin = 255 and CurrRange = CurrMax – CurrMin = 0.5 



Given an intensity-value IValue, the corresponding current-value CurrValue can now 

be computed using the equation: 

CurrValue = (IValue – IMin)*CurrRange / IRange + CurrMin, which leads to: 

 CurrValue = (IValue )*0.5 / 255    (4) 

5.3 Threshold 

Equation (4) is also used to compute the threshold value the action potentials will 

be compared with: 

3. The average IAVG of the pixels intensity values will be computed. 

4. IAVG will be mapped to the corresponding current-value: ICurr= IAVG * 0.5/255 

5. We get the threshold by multiplying the value resulted in step 2 with the value of 

the resistance: Vth= ICurr * Resistance. 

For the video-data, the threshold value is computed based on the intensity values of 

the pixels in the first captured frame. 

5.4 Video-Frames Capture Rate 

Since the first Cathode-Ray-Tube monitor was invented, televisions have been 

running at 30 frames per second. This is the sufficient frame-rate to create the illusion 

of video-motion in the human eye. The human eye is able to distinguish among the 

different frames when lower frame-rates are used. Then we have: x ≈ 33.3 ms which 

represents the maximum interval at which the frames will be captured. In the simula-

tion-application a value of 25 ms was chosen. 

The spike times along with the neurons that fired at these times were saved in a 

text file. Each neuron was described using its order in the grid. The contents of the 

spikes-file were organized in two columns; the right one contains one spike-time 

whereas the left contains a number of one neuron that fired at that time. 

5.5 Summary of Results 

The integrate-and-fire-neuron is high-sensitive to the changes in the intensity of 

pixels if its parameters are properly set. In many applications, such as “Saliency 

Maps”, that highly depend on the intensity values of a set of pixels, a neural network 

made of this neuron will perfectly fit. 

6 CONCLUSION 

A simulation-application for integrate-and-fire neuron has been developed. Differ-

ent types of input have been tested. Despite the approximation used in the implemen-

tations, the simulation shows the predicted behavior of the biological neuron.  



Based on the achieved simulation results, future research will be mainly dedicated 

to two aspects: The first aspect will be concentrating on the implementation of further 

simulations. 

As the second research avenue, future research will also be dedicated to the devel-

opment of a hardware-based system. This system will not be a straight forward im-

plementation of some algorithms in hardware. Rather, this project aims to exploit 

certain hardware aspects, such as parallel processing and signal propagation effects 

that are available in FPGAs and typical for them. 
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