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1. Introduction 

 

Consider a system in which entities arrive in random points in time and the time that 

each entity spends in service in the system has a specific probability 

distribution.Additionally suppose that this time may be expanded due to random 

failures or delays. A person who is interested in this system would like to know: 

What is the average time that an entity spends in the system? What is the 

probability to spend more than x time units in the system?  

As the last case, many systems cannot be defined with deterministic parameters 

therefore their exact behavior cannot be predicted, but we do know that these 

inputs are within some range and that they follow certain patterns. These kinds of 

models are called stochastic models in which the system behavior can be explained 

by some different variables, each one with a specific distribution model. 

To perform an analysis on this kind of systems it is important first to define some 

assumptions such as the kind of distribution and the possible values that the 

distribution parameters can have. We could have analytical formulas to develop our 

analysis but it could be too difficult or time consuming. In order toevaluatesuch a 

system we use a discrete event simulation model. This model is made by 

computational operations using random numbers to represent the occurrences of 

events that affect our system and uses statistics to perform all the answers to the 

aspects of the behavior we want to study [1]. 

In this work we show two different cases where we create a discrete-event 

simulation model of a stochastic process. In Section 2 we show our model of 

reliability systems, in Section 3 we introduce an approach to analyze the function of 

natural neural networks and, in Section 4 we present the General Conclusions of our 

work.  

 



2. Case 1: Reliability Models 

 

We consider a system that is subject to degradation over time, such as a building or 

a manufacturing machine. The degradation of a system can be given in different 

forms: the system can degrade continuously, by the occurrence of extreme events, 

or both. This study focuses on systems in which degradation exists only in the 

presence of extreme events and do not have maintenance during the whole 

simulation period. 

In Figure [1] we can observe an example of this type of damage behavior. The x-axis 

represents the time and the y-axis the total damage. There is a limit that shows the 

maximum damage before the system fails. 

 

Figure 1 Shock model example 

We want to study the behavior of the time of failure or denote here by T. In the last 

example we can observe that T depends on some characteristic describinga shock 

model. In this document we characterize it with 4 aspects described as follows. 

 Inter-arrival between shocks ( ):  

 

It is the random variable that represents the time between the  and 

the  shock. In this work we study cases where the arrivals counting 

process is a Poisson Process, a Non-Homogeneous Poisson Process and a 

Renewal Process. 

 



The Poisson Process is known as the one with exponential inter-arrival times 

with the same rate. The Non-Homogeneous Poisson Process is different with 

respect to the first one because of the dependence on the time in the arrival 

rate.The Renewal Process main difference is the distribution of the inter-

arrival time, because, while the first two cases were exponential,in this case 

this assumption is not necessary. In this work we use a gamma distribution 

for the Renewal Process. 

 

 Size of the Shocks ( ) 

The size of the  shock is represented by the random variable .  We will 

focus our study to the case where  is Weibull distributed. We further 

distinguish between shocks that can be all independent and identically 

distributed (iid) or when shocks are just independent, not necessarily 

identically distributed. 

 

 Degradation Mechanism 

 

Shocks can affect the system in different ways. We work with two cases. The 

first case consists of all shocks affecting the system and the total damage is 

defined as the sum of the individual shocks.We refer to this case as 

cumulative. The second case is when the system only needs one shock 

greater than a certain value to fail.This case referred to as catastrophic. In 

practical situations this kinds of degradation can be mixed. 

 

 Dependence between inter-arrival times and size of shocks. 

 

This happens when there is statistical dependence between the inter-arrival 

timeand the size of the shocks. There are many kinds of dependence 

changing the function that describes the relation between them. In this 

document we use two cases described in Section 2.3.2. 

Other aspect that is important for our study is the limit of degradation or damage 

threshold; in this case we will call it Z. As we said, these aspects affect the time until 

failure or T.  

2.1. Literature Review 

 

Shock models are a very useful tool to study this kind of systems. The most complete 

article about shock models is Esary et al [2] were we find all the quantitative 



properties of a systemand the qualitative properties of this kind of systems. The 

qualitative properties are explained in terms of the quantitative ones. 

The author of the previous article also mentions that some aspects describe the 
lifetime of the system: the arrival distribution, a general degradation and shock 
distribution. Other authors have studied the effects of changing these aspects, as in 
Hammed and Proschan work [3]where an analysis is made with a Non-Homogeneous 
Poisson Process and in [4] Block and Savits  make an analysis where is carried out 
using a renewal process.  Then in the work of Sumita and Shanthikumar [5], [8] and 
[9] the authors derive analytical formulas taking into account dependence between 
arrivals and shocks. In the work of Abdel Hameed [10] study a different kind of 
degradation, is assumed to be due only to shocks, so that the value of the remaining 
lifetime (T) only changes at discrete times. 

2.2. Analysis Cases 

 

To understand how the behavior of the lifetime of the systems changes depending 

on its components, a simulation in MATLAB was made.  We change the distribution 

and parameters of arrivals (arrival rate (λ) and the coefficient of variation ( ))and 

shock sizes (the mean (m) and the coefficient of variation ( )), the mechanism of 

degradation and the existence of dependence of inter-arrival times and shock sizes. 

The distributions and components that we use to make the simulation are shown in 

Table [1] and Table [2]. 

 

 

Table 1 Parameters Arrival and Shocks 

 

Table 2 Parameters Degradation and Dependence 

It is important to see that comparing these cases only using the analytical formula is 

practically impossible sowe use a graphical analysis comparing the lifetime 

probability density function of all cases with one base case. Depending on their 

components of the lifetime each case changes having very different values than the 

Distribution Parameters

Poisson Process λ = 0.05, 0.1 and 0.2

NH Poisson Process λ(t) = 0.000625t2, 0.0025t2 and 0.01t2

Gamma m = 5, 10, 20 and cv2 = 0.5, 1, 2

Weibull  iid m = 10, 20, 40 and cv2 = 0.5, 1, 2

Weibull independent m = 10, 20, 40 and cv2 = 0.5, 1, 2 and α=1.2

Arrivals

Shocks

Cumulative

Catastrophic

None

Model I or Model II

Degradation 

Mechanism

Dependence between 

arrivals and shocks



base case, so it is difficult to situate them both in the same graph. That is why we 

normalize each case with its mean time, that is, all the graphs have mean zero. 

 

The base case is our mark to compare all the other in order to know the changes 

between them. In the graphs of the next section the base case will be always the 

blue graph. In Table [3] we show the parameters of the base case. 

 

Arrivals PP(0.1)

Shocks sizes iid mean: 20, cv2: 1

BASE CASE

Degradation Mechanism

Dependence between 

arrivals and shocks

Cumulative

None
 

Table3 Parameters Base Case 

2.3. Results 

 

To evaluate the cases we take the results dividing them in groups depending on a 

common arrival distribution, degradation mechanism and the dependence between 

inter-arrival times and the size of the shocks. Also there is a subdivision, where cases 

1 to 5 refer to cases with independence between inter-arrival time and shock sizes 

and in the remaining cases there is dependence between these two. 

 

2.3.1. Total independence 

 

1. Arrivals: POISSON. Degradation mechanism: CUMULATIVE. Dependence 

between arrivals and shock sizes: NONE. 

 

In Figure [2] we can see an example where the shocks sizes are independent 

and identically distributed. Shock size has . Arrivals rate 0.05 

(left); 0.2 (right) 

 

For this case we see that the arrival rate and the mean of the shocks sizes is 

inversely proportional to the lifetime variance, while the variation coefficient 

is proportional to it but with a minor effect than the one produced by the 

change of the arrival rate and shocks sizes mean. Also there is less variance 

when the shock sizes are only independent. 

 

On the other hand, the shift in the median is only affected by the arrivals 

rate. Shocks parameters do not affect it, but when they are just independent 



we can observe a minor decrease on the shift of the median. Although the 

shift in the median is always to the left, when the arrival rate decrease it 

moves more to the left. 

 

 

Figure 2POISSON, CUMULATIVE AND NO DEPENDENCE 

2. Arrivals: POISSON NON-HOMOGENEUS. Degradation mechanism: 

CUMULATIVE. Dependence between arrivals and shock sizes: NONE. 

 

In Figure [3] there is an example when shock size . Arrivals 

rate= 0.000625t2 (left); 0.01t2 (right). 

 

Somme effects in this case are different than the Poisson process. The arrival 

rate is inversely proportional to the variance of the lifetime but shocks mean 

does not produce any change on it. The coefficient of variation affects the 

variance directly proportionally. The independence of the shock sizes 

produces the same effect on the lifetime than in the Poisson case. 

 

The arrival rate does not affect the shift in the median. Unlike the previous 

case, the shift in the median is always at the right, even though the shocks 

mean has an inverse effect over it reducing the shift in the median when the 

shocks mean is bigger. The coefficient of variation of the shocks produces an 

increase in the shift in the median but is insignificant compared to the change 

caused by the mean. 

 



 

Figure 3NH POISSON, CUMULATIVE AND NO DEPENDENCE 

 

3. Arrivals: GAMMA. Degradation mechanism: CUMULATIVE. Dependence 

between arrivals and shock sizes: NONE. 

 

In Figure [4] there is an example when shock size . Arrivals 

mean 5 (left) and 20 (right); with  

 

The difference of this case with the Poisson process is the coefficient of 

variation of arrivals (cv2: 0.5 or 2), so we expect to obtain the same results as 

the Poisson process case. Variance changes depend on the shock’s mean 

inversely and on the coefficient of variation directly. The mean of the arrivals 

is directly proportional to the lifetime variance. 

 

The effects on the shift of the median are the same as the Poisson case; the 

parameters of the shock sizes do not affect the shift of the median and when 

the arrivals mean increases the shift of the median moves to the left but less 

than the first case.  The new parameter, the coefficient of variation of 

arrivals, is directly proportional to the lifetime variance and shift of the 

median (it moves to the left). The difference between shocks iid and 

independent is the same of the Poisson case: the independent case has less 

variance and less shift of the median. 

 



 

Figure 4GAMMA, CUMULATIVE AND NO DEPENDENCE 

4. Arrivals: POISSON. Degradation mechanism: CATASTROPHIC. Dependence 

between arrivals and shock sizes: NONE. 

 

In Figure [5] there is an example when shock size . Arrivals 

rate 0.05 (left) and 0.2 (right). 

 

We recall that in this case for the machine to fail, it is necessary that only one 

of the shock sizes is greater than the threshold. So there are some cases 

where shock sizes are in a range that cannot be bigger than the threshold and 

so the lifetime goes to infinity. We do not focus on this kind of cases. On the 

other hand, we observe many differences between the iid and independent 

shock sizes, so they are analyzed as follows. 

 

When the shock sizes are iid, the probability density function of the lifetime is 

exponential. The variance decreases when any parameter (even arrivals and 

shocks) increases. When shock sizes are only independent the arrival rate 

and the mean of shock sizes are inversely proportional to the lifetime 

variance but the mean of shock sizes has a minor effect. The coefficient of 

variation of the shock sizes is directly proportional to the lifetime variance. 

 

As for the shift in the median, the component that affects it is the arrival 

rate; an increase on it moves the shift of the median to the right so, as the 

shift is by the left, the arrivals decreases it. Shocks parameters do not affect 

the shift of the median. 

 



 

Figure 5POISSON, CATASTROPHIC AND NO DEPENDENCE 

5. Arrivals: POISSON NON-HOMOGENEUS. Degradation mechanism: 

CATASTROPHIC. Dependence between arrivals and shock sizes: NONE. 

 

In Figure [6] there is an example with shock size . Arrivals 

rate: 0.000625t2 (left); 0.01t2 (right). 

 

As the previous case, failure only happens if one shock size is greater than 

the threshold so there are some cases where the shock sizes are not big 

enough to make the system fail. The results for the cases that were possible 

to take by the simulation show that the variance is affected inversely by the 

arrival rate and the shock size parameters (mean and coefficient of variation).  

 

The shift in the median is affected also by the three parameters in the same 

way. With the increase of any parameter the shift in the median is displaced 

to the right.  

 

 

Figure 6NH POISSON, CATASTROPHIC AND NO DEPENDENCE 



2.3.2. Dependence cases 

 

The next cases regard system in which dependence between arrivals and shock sizes 

exist.  In this document we study two cases of dependence: first when the shock 

sizes depend of the previous inter-arrival time (Model I) and when the next inter-

arrival time depends of the last shock size (Model II). The functions that associate 

the two parametersare shown in following equations. 

 

 

Where  and  were set so that we have the same values of the mean shock sizes 

and the same mean in the arrival. Also we use only the Poisson Process in this part. 

The parameters used in this section are shown in Table [4], Table [5] and Table [6]. 

 

Table 4Parameters Model I Cumulative 

 

Table 5 Parameters Model I Catastrophic 

 



 

Table 6 Parameters Model II 

6. Arrivals: POISSON. Degradation mechanism: CUMULATIVE. Dependence 

between arrivals and shock sizes: MODEL I. 

 

In Figure [7] we can see an example of this case where shock size . 

Arrivals rate: 0.05 (left); 0.2 (right). 

 

We observe that the arrival rate is inversely proportional to the variance and 

the shocks mean increases as the variance increases. The last result is 

because the shocks mean changes only in the value of a, the constant part, 

having less importance in the value of the arrival rate. Also the shift in the 

median is only changed by the arrival rate; with an increase on the arrival 

rate it moves less to the right. 

 

 

Figure 7POISSON, CUMULATIVE AND MODEL I 

7. Arrivals: POISSON. Degradation mechanism: CATASTROPHIC. Dependence 

between arrivals and shock sizes: MODEL I. 

 



In Figure [8] we can see an example of this case where shock size . 

Arrivals rate: 0.05 (left); 0.2 (right). 

 

In this case we only use when the shock size mean in 40 and we change the 

values of  and  to give  more weight.  The effects of an increase of the 

arrival rate are the same as the case when degradation is cumulative; the 

variance decreases and the shift in the median moves to the right. 

 

 

Figure 8POISSON, CATASTROPHIC AND MODEL I 

8. Arrivals: POISSON. Degradation mechanism: CUMULATIVE. Dependence 

between arrivals and shock sizes: MODEL II. 

 

In Figure [9] we can see an example of this case where shock size mean is 

10Arrivals rate: 0.05 (left); 0.2 (right).As in Model I the arrival rate is inversely 

proportional to the lifetime variance and it does not have any effect in the 

shift of the median. To explain the results of changing the shock size mean 

there are two cases, one when  and when . When  and 

we increase the shock size mean the lifetime variance does not change, but 

when  the increase of it decreases the lifetime variance. 

 



 

Figure 9POISSON, CUMULATIVE AND MODEL II 

 

9. Arrivals: POISSON. Degradation mechanism: CATASTROPHIC. Dependence 

between arrivals and shock sizes: MODEL II. 

 

In Figure [10] we can see an example of this case where shock size mean is 

40. Arrivals rate: 0.05 (left); 0.2 (right).As the catastrophic cases, the only 

shock size mean that has a lifetime that does not go to infinite is when the 

mean is 40. The results of the changes associated with increasing the arrival 

rate are the same as in Model I, the variance decreases and the shift in the 

media moves to the right.  

 

 

Figure 10POISSON, CATASTROPHIC AND MODEL II 

2.4. Conclusions 

 

The previous results show that all the components that constitute a shock system 

are important as evidenced by the different behaviors of the pdf of the lifetimes in 

the behavior of the lifetime distribution. This means that miss identifying a 



component or not having it into account can greatly influence the behavior of the 

lifetime distribution, therefore not a single one of them can be eliminated to 

understand better the behavior of the system. Similarly, in terms of the parameters, 

each of them is very important, specially the arrival distribution where we can see 

more variation in the distribution of the lifetime. 

 

The lifetime distribution, in most of the cases, has skewnessto the left as well the 

shift of the median (except when arrivals are a NH Poisson Process). This shows the 

independence with the first and the second moment. For future work it could be 

interesting to see the results when changing higher moments. Also in this document 

we analysis shock sizes with Weibull distribution, other types of distribution that 

could affect the systems are interesting to study. 



3. Case 2: Neural Networks 

 

The behavior of a natural network is very complex. Each neuron has a performance 

that depends on some characteristic of it and on the connections with other 

neurons. To understand the general behavior of a neuron we present a short 

descriptionfollowing this section.  

Inside the neuron is negatively polarized and outside is positive polarized. The 

neuron tends to be positive so it lets positive ions enter. But there is a point when it 

cannot support more positive ions, so it “explodes” to free them in order to come 

back to its negative natural state. This explosion is called spike or firing. 

A network conformed by N neurons can be defined by a stochastic process a follows. 

Each neuron receives a stimulus corresponding to the random activity of the other 

neurons that conform the network. There are various ways to represent this system 

[6]. One of them is the hourglass model in which each neuron can be considered as 

an hourglass that is decreasing its level of sand in a constant manner. When the 

hourglass is empty a stimulus is sent by this neuron to the ones that have 

connections with it. 

In Cottrel et al. [7] the hourglass is used to represent a neural network as follows. 

They first introduce the model by explaining how a single neuron works, (without 

connections). Then a network analytical formula is shown with the interaction of two 

possible kinds of neuron: excitatory and inhibitory. The first one decreases the time 

that the hourglass is going to be empty and the other increases it. Then the author 

shows some results of the neural activity in a neural network. 

In this work we want to study the time until the neuron fires. This time is known as 

the inter-arrival time between spikes. To model the network we based our study in 

the hourglass model, as explained above. Immediately the hourglass is filled again 

with some amount of sand. The results of this work are compared with the analysis 

presented in [7] with the only difference that not all the stimuli that come from the 

neural connections affect a neuron. Two stimuli are necessary to affect a neuron and 

the time between them must be less than a determined value.  

3.1. Simulation model 

 

There are some parameters and variables to describea neural network. They are 

described as follows. 

 : Remaining time until the firing of neuron  at time t. 

  Initial value of the polarization of neuron .  



 : Remaining time until a stimulus arrives to neuron  and affects it. 

 : The maximum possible inter-arrival time between two consecutive stimuli 

such that they affect other neurons that are connected with neuron . 

  Amount of time that  is increased when two consecutive stimuli 

arrive in a time less than  .  

 :  The presence or absence of a connection between neuron and 

neuron  , if the connection exists  and zero otherwise. 

The inter-arrival between spikes is defined as the time in which . This is 

the one that we want to study its behavior that depends on the previous ones. 

To study the behavior of the inter-arrival time between spikes we constructed a 

model in Rockwell’s Software Arena of a neural network with nine neurons. It 

has ten sub-models; nine of them represent each neuron and one sub-model 

that represent the connections between them. Figure [11] shows the 

representation of the network in the simulation.  

 

 

Figure 11 Simulation Model 

The representation of the hourglass model is described as follows. The first part (red 

square) represents the model for one neuron that has its own spiking activity. A 

neuron has at the initial value of , and it starts to decrease in a constant way, 

one unit in one second. When  is zero, it fires or sends a signal to the neurons 

that have connections with neuron . Then the value  is increased in  units 

which is distributed as we outlined in Section [4.1]; and restart the process. Before 

the beginning of the simulation, the time remaining until firing is constant such that 



all the nine neurons have different values to prevent firing in all of them and have an 

avalanche and never produce firing. The initial values of are shown in Table [7].  

 

 

Table 7 Initial Values 

Upon firing a signal by each neuron, the connections sub-model (green square) 

receives the signal, (which is represented as the gray circle). When a stimulus arrives 

to the neuron the variable  is activated for neuron , to the constant value . 

The variable  is decreased by one unit, after each unit of time passes. When a 

second stimulus arrives to the neuron and if  is greater than zero,  is 

increased by  units. Otherwise, the stimulus activates  again and the process is 

repeated. 

To construct the model we make two assumptions. First as a stimulus affects  

the new value of  becomes zero. The value of  is always greater than zero, 

which means that all connections are inhibitory;  and  

3.2. Analysis Cases and Results 

 

To compare how the behavior of the inter-arrival time between spikes of the neural 

network by changing two parameters, namely  and ,we take four cases described 

next. Case 1 has , Case 2 has , Case 3 has  and Case 4 has no 

delta. In the first three cases,  shows the maximum inter-arrival time between 

spikes in order to affect . Since Case 4 does not have  defined all stimuli 

affect , without taking into account the time between them (it is as we 

consider  ). Also we change the value of w such that some neuron becomes 

inactive.  

 

For Case 1 ( ), we observe the behavior of the mean, variance and the number 

of spikes that each neuron has with a specific  as shown in Table [8]. The value of 

 is changed in each simulation in order to see the behavior of the inter-arrival time. 



The colors at the top of this table represent the number of connections that the 

neuron has (green for 2, yellow for 3 and red for 4). As we can see, neurons with the 

same number of connections have a similar range of values in each aspect. To 

observe in detail this behavior, in Figure [12] and Figure [13] we can see graphs of 

the mean and variance of the inter-arrival time between spikes respectively, (values 

shown in the Table [8]). 

 

In Table [9], Table [10] and Table [11], we can observe the results for the mean and 

variance of the inter-arrival time between stimuli for Cases 2, 3 and 4, respectively. 

We can observe a similar behavior in Case 1 for the same groupof neurons with 

specific number of connections. However as in each case the value of  is increased, 

we observe an increase in the mean and the variance of the inter-arrival time 

between spikes. Furthermore, the value of  where the network becomes stable 

decreases as  increases.  

 

 

Figure 12 Mean Inter-arrival Case 1 



 

Figure 13 Variance of Inter-arrival Case 1 

For cases 2, 3 and 4, we can observe in Table [9], Table [10] and Table [11] that the 

number of silent neurons is four (neurons 2, 4, 6 and 8). These four neurons have the 

same number of connections namely, 3. In Figure [13] and Figure [14] we can see the 

graph of the mean of the inter-arrival time between spikes of Case 3. These are 

divided to see clearly the difference between the groups of neurons because of the 

magnitude of some values. 

 

 

Figure 14 Mean Inter-arrival time Case 3.1 



 

Figure 15 Mean Inter-arrival time Case 3.2 

 



 

Table8 Case 1 δ= 1 

 

 

 

 

Neuron 1 Neuron 2 Neuron 3 Neuron 4 Neuron 5 Neuron 6 Neuron 7 Neuron 8 Neuron 9

Mean (seconds) 13.5 14.6 13.1 14.1 17.0 14.8 13.5 14.5 13.1

Variance (seconds2) 25.7 35.2 26.0 31.5 54.3 37.3 25.2 31.6 24.7

Total number of spikes 322 298 330 308 257 296 323 300 332

Mean (seconds) 13.5 16.8 13.5 16.8 19.4 16.6 14.1 16.9 13.6

Variance (seconds2) 35.1 76.3 36.7 69.4 149.2 74.5 39.0 72.6 32.5

Total number of spikes 368 298 370 298 254 300 353 296 366

Mean (seconds) 13.9 18.3 14.0 17.7 24.8 17.3 14.2 18.1 13.8

Variance (seconds2) 40.2 145.2 53.1 137.6 526.8 155.0 45.9 135.4 47.7

Total number of spikes 357 273 357 283 200 288 351 275 361

Mean (seconds) 13.1 26.3 13.3 33.1 19.3 27.4 13.1 29.2 13.4

Variance (seconds2) 42.1 780.6 46.5 2263.3 503.9 1030.2 41.3 1282.2 34.6

Total number of spikes 320 157 318 129 218 155 322 146 314

Mean (seconds) 15.4 18.0 16.3 17.6 13.5 16.1 16.8 16.2 16.8

Variance (seconds2) 136.8 410.9 194.4 539.0 19.0 245.5 213.9 223.9 222.8

Total number of spikes 323 276 305 284 22 310 297 308 296

Mean (seconds) 12.6 - 12.5 - 12.3 12.0 12.3 - 12.1

Variance (seconds2) 18.9 - 18.2 - 19.5 27.0 19.8 - 19.4

Total number of spikes 395 0 398 0 403 3 405 0 410

Mean (seconds) 12.6 - 12.5 - 12.3 12.0 12.3 - 12.1

Variance (seconds2) 18.9 - 18.2 - 19.5 27.0 19.8 - 19.4

Total number of spikes 395 0 398 0 403 3 405 0 410

w=20

w=15

w=50

δ
0
 =

1

w=30

w=4

w=10

w=7



 

 

 

 

 

 

 

Table9 Case 2 δ= 5 

 

 

Neuron 1 Neuron 2 Neuron 3 Neuron 4 Neuron 5 Neuron 6 Neuron 7 Neuron 8 Neuron 9

Mean (seconds) 13.7 18.3 14.4 18.5 19.2 17.8 13.9 17.6 14.6

Variance (seconds2) 35.9 67.1 31.5 73.4 88.1 56.2 32.8 66.2 33.4

Total number of spikes 363 271 346 270 259 279 358 283 342

Mean (seconds) 14.4 24.5 14.0 24.9 21.6 24.7 14.9 23.6 15.0

Variance (seconds2) 47.4 301.2 51.3 339.9 385.0 340.1 46.3 272.2 53.4

Total number of spikes 345 204 357 201 230 201 334 211 333

Mean (seconds) 12.3 43.3 12.4 486.0 12.5 259.3 12.3 1224.8 12.6

Variance (seconds2) 18.3 2222.2 19.8 0.0 22.1 80630.0 20.0 3375632.2 19.1

Total number of spikes 403 3 402 1 400 9 406 4 396

Mean (seconds) 12.6 - 12.5 - 12.4 - 12.2 - 12.2

Variance (seconds2) 18.8 - 18.2 - 19.4 - 20.0 - 19.2

Total number of spikes 394 0 398 0 402 0 410 0 407

Mean (seconds) 12.6 - 12.5 - 12.4 - 12.2 - 12.2

Variance (seconds2) 18.8 - 18.2 - 19.4 - 20.0 - 19.2

Total number of spikes 394 0 398 0 402 0 410 0 407

w=10

w=20

w=15

δ
0
 =

5

w=4

w=7



 

 

 

 

Table10 Case 3 δ= 7 

 

 

 

 

Neuron 1 Neuron 2 Neuron 3 Neuron 4 Neuron 5 Neuron 6 Neuron 7 Neuron 8 Neuron 9

Mean (seconds) 14.5 18.5 14.7 18.5 20.2 18.6 14.0 19.0 14.6

Variance (seconds2) 34.3 62.7 36.1 69.0 77.7 60.4 34.9 68.3 34.7

Total number of spikes 344 269 339 270 247 268 356 263 341

Mean (seconds) 14.6 28.6 14.5 28.0 20.3 28.4 14.6 27.6 14.9

Variance (seconds2) 55.3 661.4 57.0 554.1 500.9 496.4 55.8 472.3 46.3

Total number of spikes 340 175 344 178 243 176 340 181 332

Mean (seconds) 12.3 145.0 12.2 92.3 12.1 72.0 12.6 241.0 12.7

Variance (seconds2) 19.4 - 19.4 3520.9 19.2 - 19.2 17298.0 18.9

Total number of spikes 405 1 407 4 410 1 396 2 393

Mean (seconds) 12.6 - 12.5 - 12.4 - 12.2 - 12.2

Variance (seconds2) 18.9 - 18.2 - 19.4 - 20.0 - 19.2

Total number of spikes 394 0 398 0 402 0 410 0 407

Mean (seconds) 12.6 - 12.5 - 12.4 - 12.2 - 12.2

Variance (seconds2) 18.9 - 18.2 - 19.4 - 20.0 - 19.2

Total number of spikes 394 0 398 0 402 0 410 0 407
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Table 11 Case 4 no delta or δ= ∞

Neuron 1 Neuron 2 Neuron 3 Neuron 4 Neuron 5 Neuron 6 Neuron 7 Neuron 8 Neuron 9

Mean (seconds) 14.1 15.2 14.2 15.7 16.3 15.3 14.2 15.8 14.5

Variance (seconds2) 23.9 32.6 26.9 34.0 38.5 34.4 27.0 29.8 26.6

Total number of spikes 338 315 334 304 292 314 335 301 332

Mean (seconds) 15.5 18.7 15.8 19.4 22.2 18.9 15.3 18.1 16.2

Variance (seconds2) 38.0 60.7 38.9 69.3 97.8 65.3 39.4 62.2 37.2

Total number of spikes 321 265 316 258 224 263 324 276 308

Mean (seconds) 13.3 72.9 14.1 76.4 15.7 64.7 13.7 72.8 14.1

Variance (seconds2) 43.4 14169.3 44.3 26010.3 190.0 8356.0 38.8 8629.1 45.5

Total number of spikes 373 64 353 61 317 72 363 64 354

Mean (seconds) 12.5 - 12.4 - 12.2 - 12.2 - 12.6

Variance (seconds2) 18.2 - 19.6 - 19.9 - 19.1 - 19.0

Total number of spikes 397 0 402 0 409 0 408 0 395
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3.3. Conclusions 

 

In neural networks, the parameters that we choose to study are important in the 

behavior of both the mean and the variance of the inter-arrival time between spikes. 

From the results given in the previous tables and graphs we can infer that the 

existence of silent neurons depends directly on the connections of the network and 

the way the network is formed. The neurons that become silent are the same for all 

cases except for case 1 where there are only 3 silent neurons, missing neuron 6. A 

possible answer for event could be the initial value of . 

The hourglass model was a really useful tool to analyze the behavior of the neurons, 

and see how the parameters chosen are important to define the system. It would be 

interesting to use other distribution (different to Uniform) to compare the results 

and see the importance of this aspect. 

  



4. General Conclusions 

 

The previous cases show how simulation is a very useful tool to model different 

systemssuch as the civil structures or biological systems. We see that it was really 

useful to perform an analysis of the model of the actual system and make some 

changes to see how the system reacts to it.  

For each case: in reliability models we saw the behavior of several machines with 

different characteristics in many years and observed the differencesin a very 

practical way. For the neural networks, was useful to see the behavior of a complex 

system, as this, in a simple way via simulation andobserve how can be affected by 

changing its parameters. 

Other advantages of a simulation model; in terms of costs as it was not necessary to 

perform any changes directly in a system without knowing in advance the 

consequences that may result. Also the time factor was an advantage of simulation, 

since a project that may need too much time in order to see results, takes only some 

minutes via simulation. 

For future works, shock models can be applied to study systems which may be 

modeled as events with some type of degradation in which this type of modeling it is 

not easy to see. The neurons in the other hand can be studied further with some 

changes in the parameters and a greater number of neurons. Simulation can be a 

very useful tool to study this kind of systems that cannot be easily understand 

through analytical equations.   
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