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ABSTRACT 

 
 

Probability Distributions of Inter-Sample Time of Event-Based Sampling 

Encoders 

 

Keywords: Event Based Sampling, Memory Based Event Triggering, Sampling Rate 

Probability Distribution 

 

 

Bandwidth is the most important resource in telecommunications. Though recent 

developments have resulted in a significant increase of available bandwidth, the 

demand for bandwidth continues to follow and new demands are also created with the 

introduction of new technologies. Internet of Things is one such development that has 

resulted in increased demand for bandwidth due to the interconnection of smart sensors 

and actuators to the Internet. 

 

Increased demand for limited bandwidth results in congestion which can in tern 

negatively affect the reliability of the network by causing latency (delay), jitter (delay 

variation) and data loss (in the form of packet drops). Event based sampling is a 

strategy of mitigating congestion that does so by reducing network traffic. This is 

achieved by reducing the effective sampling rate and it is highly successful if the signal 

exhibits high dependency between samples. Despite numerous empirical studies, no 

attempt has been made to obtain a probability distribution of the traffic rate of such 

encoders. This study aims to obtain such a model for a type of event-based sampling 

known as memory-based event triggering. 

 

With a statistical model of the generated traffic, it is possible to get an idea about the 

network capabilities and effectively mitigate the congestion. Correctness of the 

statistical model can be verified by the empirical results and it is possible to easily 

determine the maximum number of sensors for a given network bandwidth with a 

given quality of service. 
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CHAPTER 1 

 

1. INTRODUCTION 
 

1.1 Overview 

 

 

Bandwidth availability and reliability of telecommunication networks are essential for 

the proper accessibility of cloud computing [1]. Numerous recent developments in the 

terahertz band [2] [3] [12] [44] have seen a sharp rise in available bandwidth for wired 

and wireless communications. However, similar to Parkinson's law on work expanding 

to fill up the existing deadline, demand in telecommunication networks grows to fill 

the available bandwidth [13]. An example for this is Wireless Multimedia Sensor 

Networks (WMSN) [14] [15] for sensing and surveillance and the resulting congestion 

due to bandwidth constraints [16] [17] [18]. Other emerging high demand applications 

include Internet of Things [19] [20] smart cities [43] and Industry 4.0 [21]. 

The promising potential of the emerging Industrial Internet of Things (IIoT) and 

Internet of Things (IoT) technologies are playing an important role in the modern 

network architectures. The number of Internet of Things devices worldwide is forecast 

to almost triple from 8.74 billion in 2020 to more than 25.4 billion IoT devices in 2030. 

Congestion can result in higher latency [22] [23] and data loss due to packet drops [24] 

[25] [26]. Latency is critical in real time, safety critical and quality of service-oriented 

cloud applications [27] [28]. The primary motivation for edge computing (Edge 

computing is a distributed computing paradigm that brings computation and data 

storage closer to the location where it is needed, to improve response times and save 

bandwidth.) is latency reduction [29] [30]. Thus, congestion mitigation must go hand 

in hand with it for its full benefit to be realized. Furthermore, in fog computing 

applications with unreliable communication links, the limited capability of the link 

will be overwhelmed by congestion. 

 

Compared with the widely adopted time-driven schemes, these event-based samplers 

have advantages of improving the efficiency in resource utilization in many resource 

constrained applications. Event based sampling techniques that reduce the effective 

sampling rate by encoding the high dependence of sensory, control and actuator signals 

are viable solutions for congestion mitigation. In the method proposed in [6] sampling 

at the input occurs periodically at the Nyquist or sampling rate that is required to 

maintain control system stability [31]. However, a transmission of data over the 

network takes place only when there is a significant difference in the input that exceeds 

a given threshold. This results in an effective sampling rate that is less than the 
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periodical sampling rate making it highly desirable for cloud computing nodes [32]. 

To illustrate, in a datacentre, an ambient temperature change of 0.1oC may not be 

significant but a change of 1 oC or 5 oC may indicate the formation of a potential 

hotspot or equipment thermal runaway and require data transmission while no or small 

changes such as that of 0.1 oC can be ignored reducing the traffic burden. In methods 

such as [33] [34] [35], the bandwidth is significantly reduced by encoding the 

difference between two successive samples. However, the periodic sampling rate 

remains unchanged. When compared to congestion avoidance methods that involve 

caching [36] [37], event-based sampling methods such as [6] are more resource 

efficient in terms of algorithmic implementation and not needing to negotiate a 

protocol or cache data. The trade-off for this benefit is at the expense of reduced 

accuracy [44]. 

 

1.2 Problem Statement 

 

Currently, the most efficient methods of encoding are that of [6] (which was named as 

Memory Based Event Triggering (MBET) in [7]) and Deadband Error Modulation 

(DEM) [8]. In [9] based upon the mutual information of the input and output it was 

demonstrated that MBET is superior to DEM for pure sampling applications. This 

makes it a viable solution for congestion mitigation in delay critical edge computing. 

However, in order to effectively mitigate congestion a statistical model of the 

generated traffic is required. To the best of the authors’ knowledge no previous attempt 

has been made to determine such a statistical model which will allow useful 

quantifications to be made. An example model is shown in Figure 1.1. For example, 

such model would enable the maximum number of sensors for a given network 

bandwidth and required quality of service to be determined. Such a question would be 

vital in safety critical cloud-based applications such as supervisory control of 

petroleum refineries [10]. 
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Figure 1.1: MBET Encoder Implementation in Delay Critical Cloud Edge 

 

1.3 Outline of Thesis 

 

In brief this thesis discusses about a statistical modal of the generated traffic of an 

efficient event-based sampling encoder. In Chapter 1, the importance of the bandwidth 

and the cruciality of reducing the packets entering to the network in order to efficiently 

use the available bandwidth are discussed. In Chapter 2, the available event-based 

sampling encoders are described. In the next chapter, a model is developed to get the 

theoretical probability distribution of the traffic rate of a memory-based event 

triggering encoder.  Chapter 4 is used to present the empirical results and discussion. 

In Chapter 5, future directions are discussed.  
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CHAPTER 2 

2. LITERATURE SURVEY     

 

Since high bandwidth applications such as online surveillance and IoT are gaining 

popularity there is a rapid requirement for bandwidth. In the near future, one of the 

prime factors that need to be addressed is the increased bandwidth [2][3]. However, 

reducing the number of packets entering to the network seems to be a viable solution 

for this [4]. These event-based sampling encoders execute only when a specific event 

is occurred (i.e., Sampling a variable when a threshold is exceeded instead of periodic 

sampling). 

 

Prominent event-based encoders are  

 

• Memory-less Event Triggering (MET) [7] 

• Memory Based Event Triggering [11] 

• Event Triggered Adaptive Differential Modulation (ETADM) [7] 

• Deadband Error Modulation [8] 

• Prediction Based Event Triggering [45] 

  

2.1 Memory-less Event Triggering  

 

In the memory- less event triggering encodes, signal is transmitted only when the input 

variable exceeds a predetermined threshold [5]. Triggering mechanism and the 

schematic are illustrated in Algorithm 1 and Figure 2.1 respectively. v[k] is the input 

variable to the encoder at time 𝑘.  

           
 

 

 

 

 

 

 

 

 

IF | v[k] | > Threshold 

Then 

Transmit v[k] 

END 

Algorithm 1: Triggering mechanism for MET 

Figure 2.1: Schematic of MET 

MET Encoder Reconstruction 
Communication 

Network 

Input v[k] Output  

 

z[k] 
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It is important to mention that MET is highly inefficient because it is transmitting data 

only if the input signal exceeds the threshold value. In all scenarios it is transmitting 

at the Nyquist sampling rate. Therefore, it is only suitable for rare signals that are 

mostly zero. 

 

2.2 Memory Based Event Triggering  

 

In memory-based event triggering encoders [6], a memory is used to store the value of 

the input at the last sampling event. In Addition to the memory-based event triggers, a 

zero-order hold is needed at the receiver side to reconstruct the signal. Triggering 

mechanism and the schematic for MBET are illustrated in Algorithm 2 and Figure 2.2 

respectively. Here x[k] is the variable input value at time k and xM is the memory value. 

eT is the event triggering threshold. z[k] is the reconstructed output and ideally z[k] 

should be same as x[k]. 

 

 

 

 

 

 

 

Algorithm 2: Triggering Event for MBET Encoder 

 

 

 

Figure 2.2: Schematic of MBET 

 

2.3 Event Triggered Adaptive Differential Modulation  

 

The paper [7] proposes Event Triggered Adaptive Differential Modulation. ETADM 

encoder uses Adaptive Delta Modulation (ADM).  

The ADM encoder is used to encode the difference into a variable step size s[k]. The 

step size is used as the input for event triggering. If the step size exceeds the event 

triggering threshold, a sampling event is triggered and it is transmitted over the 

IF | x[k] - xM | > eT Then 

 xM = x[k] // store current input 

 Transmit (xM) 

else 

 //Do nothing 

END 

MBET Encoder ZOH 
Communication 

Network 

Output  

 

z[k] 

Input  

 

x[k] 
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communication network. Here v[k] is the variable input to the encoder at time k. s[k] 

is the ADM encoder output and z[k] is the ETADM output.  

 

  

 

 

Figure 2.3: ETADM Signal Reconstruction of a Sample Sensor Output 

 

At the receiver end of the channel, the signal is reconstructed by a lossy integrator 

instead of a ZOH. The lossy integrator makes ETADM robust to bounded packet drops 

compared to MBET [38]. Figure 2.3 illustrate the signal reconstruction of an ETADM 

encoder. 

 

2.4 Deadband Error Modulation  

 

Deadband Error Modulation [8] is a tri-level encoder. It’s a simpler implementation 

compared to ETADM. DEM consists of two lossy integrators in the encoder and 

decoder. The triggering mechanism and the schematic of DEM is shown in Algorithm 

3 and Figure 2.4 respectively.  

Here x[k] is the variable input to the encoder at time k, s[k] is the output of the encoder, 

z[k] is the lossy integrator output at time k, z[k] is the reconstructed signal and d is the 

threshold value.  

 

 

 

 

 

 

 

 

Algorithm 3: Triggering mechanism of DEM 

 

IF | x[k] – z[k] | > d then 

 s[k] = s // and transmit 

else if z[k] – x[k] > d then 

 s[k] = -s //and transmit 

else 

 //Do nothing 

END 

Calculate z[k+1] = Kz[k] + Ks[k] // the output of the lossy 

integrator 

Event Based Sampler 

v[k] s[k]  

Step Size 

 

z[k] ADM 

Encoder 

Event  

Triggering 

Lossy 

Integrator 

ṽ[k] Communication  

      Network 
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Figure 2.4: Schematic of DEM, Source: [9] 

 

Guided by the results from [8] it is obvious that MBET and DEM are the most efficient 

encoding methods. Then from the [9] it shows that MBET is superior to DEM for pure 

sampling. 
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CHAPTER 3 

3. METHODOLOGY 

 

3.1 Sensor Input and Random Process 

 

The sensor input random process (input Yk in Figure 3.1 ) is modelled as a Gaussian 

random walk with Gaussian sensor noise 

 

 

Figure 3.1: Random Process Input Model 

𝑌𝑘 = ∑ 𝑋𝑖

𝑘

𝑖=0

 

 

𝑆𝑘 = ∑ 𝑋𝑖 +  𝑊𝑘
𝑘
𝑖=0                       (1) 

where sensor input (Xi) are i.i.d. steps of the process with Xi being a normal distribution 

with mean μP and variance σP (Xi ~ N(μP, σP )) and sensor noise (Wk) is also a normal 

distribution with zero mean and variance σP (Wk ~ N(0, σS)). Input to the encoder is 

𝑆𝑘 = 𝑌𝑘 + 𝑊𝑘 

 and accounts for the sensor noise such that Sk follows a linear trend (corresponding to 

the measured parameter) with 

                𝐸[𝑆𝑘] = 𝑘𝜇𝑝 + 𝑠[0]                            (2) 

 

s[0] is the initial value. Typically, initial value is taken as zero.   
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3.2 Sample Model 

 
Figure 3.2: Sensor Model 

𝜇𝑝  ∈  (−𝜇, 𝜇) 

Sensor mean value μ is considered to be a small number such that eT >> μ. For an 

example a typical temperature sensor value graph is shown in Figure 3.2. For a very 

small segment of the graph the mean value can be considered as a constant. The model 

focuses on the two extremes of μp, i.e, -μ and μ which will typically represent the 

largest rate of change in the sensor and in return the highest traffic rate. This is 

achieved by considering the traffic distribution as a Folded Normal Distribution.    

 

For an event to be triggered, 

|𝑆𝑘|  ≥  𝑒𝑇 

 

In order for the result to be realistic, the process and sensor parameters (μP , σP and σS) 

can be varied to make the system heterogeneous. 

 

3.3 Inter Event Distribution 

 

Let m be the time which the last event was triggered. Let the time from that point 

onward be k+m. Therefore, the time k is reset after the last event m is triggered. So, k 

will start from zero when m = 0. Let the triggering of an event at sampling time k and 

m+k is denoted by Sk and Sm+k. We can analyze the distribution between two events 

by investigating the Yk and Ym+k.   
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𝑌𝑚+𝑘 − 𝑌𝑚 = ∑ 𝑋𝑖

𝑚+𝑘

𝑖=0

  −  ∑ 𝑋𝑖

𝑚

𝑖=0

 

 

𝑌𝑚+𝑘 − 𝑌𝑚 = ∑ 𝑋𝑖
𝑘
𝑖=0          (3) 

 

When the noise from the sensor is added, 

𝑆𝑘 = 𝑌𝑘 + 𝑊𝑘                 (4) 

   

Therefore, let the probability of an event being triggered after k time samples is given 

by πk and, 

 

When k = 1, 

𝜋1 = 𝑃(|𝑆1|  ≥  𝑒𝑇) 

When k = 2, 

𝜋2 = 𝑃(|𝑆1|   < 𝑒𝑇) ∗ 𝑃(|𝑆2|  ≥  𝑒𝑇) 

When k = 3, 

𝜋3 = (1 −  𝜋1) ∗ (1 −  𝜋2) ∗ 𝑃(|𝑆3|  ≥  𝑒𝑇) 

 

When k = k, Therefore, for an event to be triggered after arbitrary time k samples 

 

 

 

𝜋𝑘 = 𝑃(|𝑆𝑘|  ≥  𝑒𝑇)  ∏(1 − 𝜋𝑘)

𝑘−1

𝑘=1

                     

𝜋𝑘 = 𝑃 (|∑ 𝑋𝑖 + 𝑊𝑠

𝑘

𝑖=0

|  ≥  𝑒𝑇)  ∏(1 − 𝜋𝑘)

𝑘−1

𝑘=1

     (5) 

 
 

 

Given a normally distributed random variable X with mean μ and variance σ2, the 

random variable Y = |X| has a folded normal distribution. Then the probability density 

function (PDF) given by, 

 

𝑓𝑌(𝑥; 𝜇, 𝜎2) =  
1

√2𝜋𝜎2
𝑒

−(𝑥−𝜇)

2𝜎2 +   
1

√2𝜋𝜎2
𝑒

−(𝑥+𝜇)

2𝜎2                     

 

For a normally distributed random variable X with mean μ and variance σ2, Cumulative 

Distribution Function (CDF) is given by 
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𝐹𝑋(𝑥; 𝜇, 𝜎2) = 𝑃(𝑋 ≤ 𝑥) 

 

We can calculate the CDF for the folded normal distribution Y as, 

 

𝐹𝑌(𝑥; 𝜇, 𝜎2) = 𝑃(𝑌 ≤ 𝑥) =  𝐹𝑋(𝑥; 𝜇, 𝜎2) + 𝐹𝑋(𝑥; −𝜇, 𝜎2) 

 

In statistics, Q-function gives the tail probabilities of a normal distribution.  

 

 

Q(x) = P(X>x) = 1 – CDF(X)                         (6) 

 

Hence, 

𝐹𝑌(𝑥; 𝜇, 𝜎2) = 𝑃(𝑌 ≤ 𝑥) = 1 − (𝑄 (
𝑥 − 𝜇

𝜎
) +  𝑄 (

𝑥 + 𝜇

𝜎
)) 

𝑃(𝑌 > 𝑥) = 1 −  𝑃(𝑌 ≤ 𝑥) 

        𝑃( |𝑋|  > 𝑥) = 1 − [1 − (𝑄 (
𝑥 − 𝜇

𝜎
) +  𝑄 (

𝑥 + 𝜇

𝜎
))] 

                          =  𝑄 (
𝑥 − 𝜇

𝜎
) +  𝑄 (

𝑥 + 𝜇

𝜎
) 

 

Applying this to 𝑃(|∑ 𝑋𝑘 + 𝑊𝑠
𝑘
𝑘=0 |  ≥  𝑒𝑇), 

𝑃(|∑ 𝑋𝑖 + 𝑊𝑠
𝑘
𝑖=0 | >  𝑒𝑇) =  𝑄 (

𝑒𝑇−𝑘𝜇𝑝

√𝑘𝜎𝑝
2+𝜎𝑠

2
) +  𝑄 (

𝑒𝑇+𝑘𝜇𝑝

√𝑘𝜎𝑝
2+𝜎𝑠

2
)           (7) 

 

 

Since the Q-function is used in the computation of πk, there is a high potential error 

when eT is large and falls within the tail of the distribution. Therefore, it is necessary 

to find an accurate range for πk. Therefore, from equation (5) of [40] and expansion 

for small x, 

 

𝑒𝑟𝑓𝑐(𝑥)  ≤  𝑒−𝑥2
 

 

𝑄(𝑥)  ≤  
1

2
 𝑒−

1

2
𝑥2

 ≈  
1

2
 [1 −  

1

2
𝑥2]                        (8) 

 

Therefore, 

 

𝑃 (|∑ 𝑋𝑖 + 𝑊𝑠

𝑘

𝑖=0

| >  𝑒𝑇) =  1 −  
1

2
 
𝑒𝑇

2 + (𝑘𝜇𝑝)
2

(𝑘𝜎𝑝
2 + 𝜎𝑠

2)
 .                            (9) 

 

From (9) for any j ∈ ℤ+ such that 0 < j < k, 
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1 − 𝑃(|∑ 𝑋𝑖 + 𝑊𝑠
𝑗
𝑖=0 | >  𝑒𝑇) =   

1

2
 
𝑒𝑇

2+(𝑗𝜇𝑝)
2

(𝑗𝜎𝑝
2+𝜎𝑠

2)
< 1                           (10) 

 

which results in the supremum of eT occurring for j = 1 and given by, 

 

 

𝑒𝑇 <  √2(𝜎𝑃
2 +  𝜎𝑆

2) − (𝜇𝑝)
2

                                   (11) 

 

Therefore, for the resulting distribution to be accurate eT has to be less than the 

dominant resultant variance of the input process and sensor noise. Since the MBET 

encoder can be approximated by a biased quantizer according to [41], this results in an 

increased accuracy of the reconstruction at the expense of lesser traffic reduction. 

 

Then we can construct the probability mass function (pmf) of the inter-event 

distribution which is denoted by 𝛬. πk is a product of numbers less than unity that is 

asymptotically zero, it has to be truncated at kmax for small arbitrary threshold ϵ such 

that πk ≤ ϵ for all k ≤ kmax. Typically, ϵ can be a very small number. For fixed process 

and sensor parameters the tradeoff curve between expected value of 𝛬 and average 

traffic rate λ(eT) can then be obtained as follows. 

 

λ(eT ) = 1 / E[𝛬(𝑒𝑇)] 

 

From the weak law of large numbers for a given eT, 

  

𝜆(𝑒𝑇) =  
1

𝔼[𝛬(𝑒𝑇)]
 ≈  

𝜂𝑒

𝜂𝑝
= 𝑝(𝑉 = 1)                         (12) 

 

where ηe is the number of packets generated by the MBET encoder, ηp, the number of 

periodic samples and V are Bernoulli traffic source. Here we have calculated the 

average traffic in two ways, using the inter-event distribution as well as using the 

number of packets generated.  Previous works such as [42] have heuristically 

approximated event-based sampling to a Bernoulli traffic source without the 

theoretical justification. 

 

 

3.4 Congestion Calculations 

 

Once λ of the encoder is known from (12), it is now possible to determine the 

congestion due to a number of sensors n for a given bandwidth B. From (12) it is now 

possible to model the combined traffic of all encoders as a sum of Bernoulli traffic 

sources where 

𝐻𝑛 =  ∑ 𝑉𝑖

𝑛

𝑖=0

                   (13) 
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For a given congestion threshold tB where 0 < t < 1 and commonly t = 0.75, the 

probability of exceeding this threshold, 𝑝(𝐻 𝑛 >  𝑡𝐵) will be of interest. 

 

 

3.4.1 Homogeneous Sensors 

 

In the homogeneous case all of the input process, sensor and encoder parameters are 

identical. The sum of (13) becomes Binomial for small n and Gaussian at the 

asymptote 

according to the De Moivre-Laplace theorem where 𝐻𝑛 ~ 𝑁 (𝑛𝜆;  𝑛𝜆(1 −  𝜆)). 

Therefore, from (12) and (8) where only the bound is considered, 

 

𝑝(𝐻𝑛 > 𝑡𝐵) = 𝑄 (
𝑡𝐵−𝑛𝜆

𝑛𝜆(1−𝜆)
)  ≤  

1

2
 𝑒

−
1

2
(

𝑡𝐵−𝑛𝜆

√𝑛𝜆(1−𝜆)
)

2

        (14) 

 

Therefore, for a given quality-of-service probability for a given threshold, 𝑝𝐷  =
 𝑝(𝐻𝑛  >  𝑡𝐵) (14) can be solved to obtain the maximum number of sensors nmax. 

nmax can be obtained by taking the natural logarithm both sides for equation 14, 

(𝑛𝜆)2 + 2𝑛𝜆[(1 − 𝜆) 𝑙𝑛 2𝑝(𝐻𝑛 > 𝑡𝐵) − 𝑡𝐵] +  (𝑡𝐵)2  ≤ 0 

 

So, 𝑛𝑚𝑎𝑥 =  
2𝜆[(1−𝜆) 𝑙𝑛 2𝑝(𝐻𝑛>𝑡𝐵)−𝑡𝐵] + √(2𝑛𝜆[(1−𝜆) 𝑙𝑛 2𝑝(𝐻𝑛>𝑡𝐵)−𝑡𝐵])2−4𝜆2(𝑡𝐵)2 

2𝜆2        (15)  

 

Here when getting the roots, only the addition will be considered because the root with 

the negation will be small. 
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CHAPTER 4 

4. RESULTS 
 

In this section the probability model obtained in Section 3 is empirically validated by 

simulation using OMNeT++ Discrete Event Simulator. OMNET++ is a simulation 

library and framework used for building network simulators. The empirical probability 

mass function generated by a single encoder is compared with the theoretical values 

using the Kullbeck-Liebler Divergance (KLD) and Total Variation Distance (TVD) 

for a selected set of values of σP, σS, μP and eT.  

 

4.1 Single Sensor Simulations 

 

Table 4.1: Probability Distribution Validation for Constant μP (μP = 0.01) 

σP σS 
(11) 

Metric 
eT 

RHS 1 2 4 8 16 

0.5 0.5 1.00 
TVD 0.21 0.52 0.90 1.23 1.47 

KLD 0.17 0.94 4.37 16.67 inf 

1 0.5 1.58 
TVD 0.16 0.37 0.73 1.10 1.41 

KLD 0.09 0.56 2.65 11.93 53.10 

2 0.5 2.92 
TVD 0.07 0.20 0.46 0.86 1.17 

KLD 0.02 0.13 0.82 3.89 15.35 

3 1 4.47 
TVD 0.03 0.09 0.27 0.57 0.96 

KLD 0.01 0.04 0.26 1.40 6.34 

 

First set of simulation was done for a constant μP and several eT values. σP and σS 

values were increased gradually to see the behaviour of KLD and TVD values. The 

obtained results are presented in the Table 4.1. 
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Table 4.2: Probability Distribution Validation for Variable μP 

(σP,σS) μP 
(11) 

Metric 
eT 

RHS 1 2 4 8 16 

(1,0.5) 

0.05 1.58 
TVD 0.15 0.38 0.71 1.00 1.20 

KLD 0.08 0.55 2.50 9.20 24.05 

0.1 1.58 
TVD 0.16 0.36 0.63 0.89 0.96 

KLD 0.08 0.50 2.01 5.70 7.40 

0.2 1.57 
TVD 0.16 0.32 0.51 0.69 0.88 

KLD 0.06 0.34 1.04 1.70 2.08 

(2,0.5) 

0.05 2.92 
TVD 0.07 0.19 0.46 0.82 1.15 

KLD 0.02 0.13 0.78 1.30 13.99 

0.1 2.91 
TVD 0.07 0.19 0.45 0.78 1.06 

KLD 0.02 0.13 0.80 3.61 11.05 

0.2 2.91 
TVD 0.07 0.18 0.42 0.69 0.88 

KLD 0.02 0.12 0.68 2.66 5.50 

 

Then the KLD and TVD values were obtained by changing the μP value also. The 

results for this simulation is presented in the Table 4.2. 

 

4.1.1 Examination of the Behaviour of λPrac and λTheo Values. 

 

While keeping the σP, σS, μP values fixed, several simulations were done while 

changing the eT value to examine the behaviour of the λPractical and λTheoritical values. 

Here y axis is the probability values and x axis is the k value. 

 

Simulation for σP = 1, σS = 0.5 and μP = 0.01  

 

From equation 11 we have shown that in order to resulting distribution to be accurate, 

eT has to be a small number. According to the equation 11, for values of σP = 1, σS = 

0.5 and μP = 0.01, eT should be less than 1.5811(from equation 11). Figure 4.1, Figure 

4.2, Figure 4.3, Figure 4.4 and Figure 4.5 show the Probability Mass Function for 

different eT values and deviation of the two models when the eT value increase is 

clearly visible.  
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Figure 4.1: Comparison of Distributions (eT = 1, σP = 1, σS = 0.5 and μP = 0.01) 

 

 
Figure 4.2: Comparison of Distributions (eT = 2, σP = 1, σS = 0.5 and μP = 0.01) 
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Figure 4.3: Comparison of Distributions (eT = 4, σP = 1, σS = 0.5 and μP = 0.01) 

 

 
Figure 4.4: Comparison of Distributions (eT = 8, σP = 1, σS = 0.5 and μP = 0.01) 
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Figure 4.5: Comparison of Distributions (eT = 16, σP = 1, σS = 0.5 and μP = 0.01) 

 

From the above graphs we can clearly see that when the eT value is increased, two 

distributions tend to differ. 

 

Simulation for σP = 2, σS = 1 and μP = 0.01                 

                         

According to the equation 11, for values of σP = 2, σS = 1 and μP = 0.01, eT should be 

less than 3.1623. Figure 4.6, Figure 4.7, Figure 4.8, Figure 4.9 and Figure 4.10 show 

the Probability Mass Function (PMF) for different eT values.                                                                                                                                                                                                                    
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Figure 4.6: Comparison of Distributions (eT = 1, σP = 2, σS = 1 and μP = 0.01) 

 

 
Figure 4.7: Comparison of Distributions (eT = 2, σP = 2, σS = 1 and μP = 0.01) 
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Figure 4.8: Comparison of Distributions (eT = 4, σP = 2, σS = 1 and μP = 0.01) 

 

 
Figure 4.9: Comparison of Distributions (eT = 8, σP = 2, σS = 1 and μP = 0.01) 
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Figure 4.10: Comparison of Distributions (eT = 16, σP = 2, σS = 1 and μP = 0.01) 

 

In this experiment eT value should be under 3.1723. We can clearly see when the eT 

value is greater than that there is a clear difference between two distributions.  

 

Simulation for σP = 1, σS = 1 and μP = 0.01  

 

According to the equation 11, for values of σP = 1, σS = 1 and μP = 0.01, eT should be 

less than 1.99. Here also we can clearly observe the deviation of graphs when the eT 

value is not satisfying the equation 11. Figure 4.11, Figure 4.12, Figure 4.13, Figure 

4.14 and Figure 4.15 show the Probability Mass Function  for different eT values.                                                                                                                                                                                                             
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Figure 4.11: Comparison of Distributions (eT = 1, σP = 1, σS = 1 and μP = 0.01) 

 

 
Figure 4.12: Comparison of Distributions (eT = 2, σP = 1, σS = 1 and μP = 0.01) 
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Figure 4.13: Comparison of Distributions (eT = 4, σP = 1, σS = 1 and μP = 0.01) 

 

 
Figure 4.14: Comparison of Distributions (eT = 8, σP = 1, σS = 1 and μP = 0.01) 
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Figure 4.15: Comparison of Distributions (eT = 16, σP = 1, σS = 1 and μP = 0.01) 

 

As seen in the graphs, when the eT value is large there is a difference between the 

theoretical value and the empirically calculated value. The reason is, Q function value 

are used to calculate the theoretical model. When the eT is large, we are getting values 

from the tail of the Q function. When the Q function accuracy degrade, the theoretical 

model gives different values compared to the empirically calculated values.  This will 

not be a problem because as in the equation 12, we are getting the one over value of 

the expected value of the function to calculate the average traffic rate and the 

theoretical model act as an upper bound. 
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Figure 4.16: A Comparison Between the Empirical and Theoretical Values for Two 

Process Variances 

Values in the Figure 4.16 was obtained for σS = 1 and μP = 0.01. It’s obvious that when 

the variance is low both the models follow a same pattern and when the variance is 

comparatively high, theoretical model acts as an upper bound.  

 

4.2  Multiple Sensor Simulations 
 

The phase two of the simulation done for eT = 1, σP = 1, σS = 0.5 and μP = 0.01. 

Table 4.3: Analysis for Homogeneous Sensors 

Number of 

Sensors 

EQN 11 

RHS 
TVD KLD E[Prac] E[Theo] λPractical λTheoritical 

5 1.58 0.053 0.087 2.47 2.14 0.41 0.47 

10 1.58 0.048 0.086 2.47 2.14 0.41 0.47 

20 1.58 0.051 0.082 2.47 2.14 0.41 0.47 

50 1.58 0.050 0.083 2.47 2.14 0.41 0.47 

100 1.58 0.051 0.086 2.47 2.14 0.41 0.47 

 

Simulations were done for sets of nodes with 5, 10, 20, 50 and 100. A standard Ethernet 

network can transmit data at a rate up to 10 Megabits per second (10 Mbps). Other 

LAN types include Token Ring, Fast Ethernet, Gigabit Ethernet, 10 Gigabit Ethernet, 

Fiber Distributed Data Interface (FDDI). Fast Ethernet carry traffic at the nominal rate 
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of 100 Mbit/s. Fast ethernet was defined as the as the IEEE 802.3u standard in 1995. 

The standard Ethernet (IEEE 802.3) frame size is 1,518 bytes with additional frame 

overhead of 18 bytes. Minimum frame size of Ethernet in 64 Bytes. With the packet 

preamble of 7 Bytes and Frame Delimiter of 1 Byte, the total packet size would be 72 

Bytes.   

With equation 14 and 15, we can find the theoretical nmax which exceed the threshold 

tB for a given network bandwidth. When we consider a higher bandwidth, the value 

we get to nmax is too higher to simulate in OMNeT++. For simulation perpose only we 

are considering two small bandwidth values as 0.25 Mbps and 0.1 Mbps. 

In OMNeT++ simulations were done for 9223300 seconds. Here only a part of the data 

(time 0 seconds to 100000 seconds) is shown due to the large volume of generated 

data.  

Aggregated traffic values are presented here. t = 0.75 and t*B value should be divided 

by the packet size when applying to equation 15. Quality of service threshold Pd = 

p(Hn > tB) is taken as 0.01 

 

Simulation 1 

 

B = 0.25 Mbps and then t*B = 0.1875 Mb. According to equation 15, nmax value is 

771. 

 

 
Figure 4.17: Aggregated Traffic when n = 500 
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Figure 4.18: Aggregated Traffic when n = 771 

 

 
Figure 4.19: Aggregated Traffic when n = 1000 
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Simulation 2 

 

B = 0.1 Mbps and then t*B = 0.075 Mb. According to equation 15, nmax value is 329. 

 
Figure 4.20: Aggregated Traffic when n = 300 

 

 
Figure 4.21: Aggregated Traffic when n = 329 
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Figure 4.22: Aggregated Traffic when n = 500 

 

When the bandwidth is set to 0.25 Mbits, the right hand side of the equation 14 gives 

a probability value 0.01008 for n = 771.When bandwidth and n are set to 0.1 Mbits 

and 329 respectively the right hand side of the equation 14 gives a probability value 

0.01032.   
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CHAPTER 5 

5. CONCLUSION AND FUTERE DIRECTIONS 
 

 

A statistical model of the generated traffic is a must in order to effectively mitigate the 

congestion. From the model we obtained in the previous chapters we could easily 

determine the maximum number of sensors for a given network bandwidth and 

required quality of service to be determined. This information is vital in critical 

applications such as in the medical field because with this information, it will be easy 

to provide a high quality of service and predict the network behaviour. From the 

empirical results we obtained from OMNeT++ simulations, it’s obvious that the model 

is correct. When the eT values are smaller than the right-hand side of the equation 11, 

PMF of the empirical results and theoretical model is almost identical. Due to the low 

accuracies of the tail values of Q function, a relatively larger mean value is obtained 

for the empirical mean. It will not affect in average traffic calculations because we are 

using the one over value of the mean and is used to get an upper bound threshold value.  

In  Multiple Sensor Simulations 4.2, simulation 1 and 2 shows that the value getting 

for the equation 15 is in the correct zone.  In both cases the resultant values satisfy the 

inequality. In both cases, when n is set to a low number compared to the nmax value, 

the equation 14 gives very low value as the probability. When n is set to a large number 

compared to the nmax the equation 14 gives a very low probability value. As per the 

Figure 4.17 and Figure 4.19 resultant values verify the developed model.  

As a next step we can model and simulate a network with heterogeneous sensors. In 

the heterogeneous case, the difference in input process, sensor and encoder parameters 

will result in p(Vi = 1) = λi. This will result in (13) becoming Poisson Binomial for 

small n. Developing a model to get nmax in a network with heterogeneous sensors will 

be an interesting future direction. Further research will be done to compare the 

𝑝(𝐻𝑛 > 𝑡 ∗ 𝐵) and t*B values. A work flow is already being developed for this.   
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6. APPENDIX 1  
 

Additional Results  

 

A network with several sensors were created in OMNeT++ and while keeping the σP, 

σS, μP values same, several simulations were done by changing the eT value to examine 

the behaviour of the λPrac and λTheo values. Few of the graphs will be presented here for 

a better understanding of the model behaviour. Here y axis is λ values and x axis is eT 

values.  

 

n = 10 

 

 
Figure 6.1: Comparison of Distributions (σP = 1, σS = 0.1 and μP = 0.01) 
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Figure 6.2: Comparison of Distributions (σP = 1, σS = 1 and μP = 0.01) 

 

n = 100 

 
Figure 6.3: Comparison of Distributions (σP = 0.5, σS = 0.5 and μP = 0.01) 
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Figure 6.4: Comparison of Distributions (σP = 0.5, σS = 1 and μP = 0.01) 

 

 
Figure 6.5: Comparison of Distributions (σP = 0.5, σS = 2 and μP = 0.01) 
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